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Abstract

Large reasoning models (LRMs) achieve strong
performance on complex tasks by generating
intermediate reasoning before the final answer,
yet they remain prone to reasoning hallucina-
tions such as subtle arithmetic or constraint-
violation errors. Prior hallucination detectors
often rely on external verification or local token-
level signals, which are limited for LRMs and
largely overlook whether the cross-phase in-
formation flow from reasoning to answering is
structurally robust. We propose Routing Focus
Score (RFS), a step-level indicator that mea-
sures how strongly cross-step attention routing
aligns with semantic proximity derived from
hidden-state cosine similarity. We further de-
sign RFS-Guard, a lightweight hallucination
detection framework based on RFS. Empiri-
cally, we observe that higher reasoning—answer
RFS is consistently associated with higher hal-
lucination risk, suggesting a routing-collapse
failure mode where models might prefer self-
confirmation loops and suppress the ability
to audit their own generations. Experimen-
tal results across multiple domains and mod-
els demonstrate the superiority of RFS-Guard
for detecting and localizing hallucinations in
LRMs without requiring external tools or re-
peated sampling.

1 Introduction

Large Reasoning Models (LRMs, DeepSeek-Al,
2025; Team, 2025), typically trained with rein-
forcement learning or process-supervision signals,
have demonstrated strong performance on multi-
step tasks such as mathematical problem solving,
code generation, and scientific question answering.
By producing intermediate reasoning traces before
the final answer, LRMs appear to offer improved
compositional generalization and interpretability
compared with standard instruction-tuned Large
Language Models (LLMs, Wang et al., 2025).

*Corresponding authors:
liyong.liy @antgroup.com, haishuai.wang @zju.edu.cn

However, despite these advances, LRMs re-
main vulnerable to reasoning hallucinations (Wang
et al., 2025): the model’s intermediate steps and
final response are fluent and seemingly coherent,
yet contain invalid deductions or incorrect factual
statements. In mathematical domains, this often
manifests as subtle calculation errors that propa-
gate through subsequent steps, yielding an answer
that is stylistically confident but objectively wrong
(Huang et al., 2025). Such errors are particularly
challenging because they are harder to detect by
surface-level plausibility and can degrade trust in
safety-critical applications.

A substantial body of existing work has stud-
ied hallucination in LLMs (Rahman et al., 2026).
They propose detectors based on external verifi-
cation (Min et al., 2023; Wei et al., 2024), self-
consistency sampling (Miao et al., 2024; Miindler
et al., 2024), uncertainty estimation (Malinin and
Gales, 2021a; Farquhar et al., 2024), or token-level
signals (Malinin and Gales, 2021b; Kadavath et al.,
2022). Nonetheless, these methods are limited
when applied to LRMs. First, many LLM-oriented
approaches implicitly assume short-form genera-
tions and are not available for the structured, multi-
stage reasoning characteristic of LRMs. Second,
verification-heavy solutions (e.g., tool use, retrieval,
or ensemble sampling) can be computationally ex-
pensive and may not capture the position where an
error emerges within a multi-step reasoning chain.
Third, token-level uncertainty or probability heuris-
tics can be misleading in LRMs: a model may
assign high likelihood to a plausible continuation
even when it has already deviated from the correct
computational path (Yao et al., 2025).

Meanwhile, existing studies specifically target-
ing LRMs often focus on reasoning trajectories.
For example, RHD (Sun et al., 2026), CoRE-Eval
(Li et al., 2025a), and G-Detector (Zhang et al.,
2026) track the models’ state (thinking depth or
logic) during reasoning and reveal underlying pat-
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tern shifts for hallucination detection. Wang et al.
(2026) and Xiong et al. (2025) uncover the unfaith-
fulness or inconsistencies of reasoning and answer
procedures for hallucinations. However, few of the
existing methods explicitly ask whether the infor-
mation flow between reasoning and answering is
robust. Intuitively, a correct solution requires the fi-
nal answer to be grounded in the right evidence and
intermediate thoughts. A model may fail when its
internal routing mechanism prioritizes semantical
continuations over evidence-critical dependencies,
allowing early mistakes to be concealed by coher-
ent narration (Wang et al., 2025).

Based on this insight, we introduce RFS-Guard,
a lightweight hallucination detection method for
open-source LRMs that uses the Routing Focus
Score (RFS) as its core signal. RFS quantifies the
degree to which attention routing between think-
ing and answer steps collapses into simple seman-
tic proximities. RFS-Guard further enhances RFS
with backtracking-based information flow and ef-
ficient semantic modeling to improve detection ef-
fectiveness and efficiency. Experiments across mul-
tiple domains and modern LRMs demonstrate that
our method achieves state-of-the-art hallucination
detection and localization performance while main-
taining high efficiency. Our contributions can be
summarized as follows:

* We propose RFS, a step-level measure that
aligns attention-based routing with semantic
proximity, capturing routing collapses that cor-
relate with reasoning hallucinations.

* We present RFS-Guard, which models the
multi-hop information flow across steps and
leverages RFS to localize potential halluci-
nations, enabling effective and fine-grained
hallucination detection.

* We conduct comprehensive experiments
across multiple domains and modern LRMs,
demonstrating the effectiveness and efficiency
of RFS-Guard to identify and localize reason-
ing hallucinations.

2 Preliminaries

2.1 Task Formulation

Given a question (), the response generated by
an LRM consists of a reasoning phase R and
an answer A, denoted as (Q,R,A). Follow-
ing Sun et al. (2026), we split R into reasoning

T ' T 1 1
steps s, S1,- -+, Sy, and split A into answer
a a a
steps s(, 1, 5 SN, —1- Npg and N4 denote the
number of reasoning and answer steps, respec-
tively. Each step s; comprises a token sequence

Ci05Cil," " »Cin;—1, Where n; is the length of s;.

Hallucination Detection determines whether the
answer A is hallucinated, given @) and (R, A) gen-
erated by model M, i.e., f: (Q,R, A, M) — Y.

Hallucination Localization identifies hallucina-
tion at the step level, classifying each step s; as hal-
lucinated or not, i.e., f : (Q, R, A, M, s;) — yi.

2.2 Inner-state of Transformer-based Models

Transformer-based language models consist of
a stack of transformer blocks, each comprising
multi-head self-attention and a position-wise feed-
forward network (Vaswani et al., 2017). Self-
attention assigns weights that determine how
strongly each token attends to other tokens in the
input sequence. Given tokens cg, ¢y, - , Cp—1, let
Wi? be the contribution of token c¢; to the updated
representation of token ¢; (typically j < ) at layer
[ and head h. The hidden representation of token
¢; after layer [ is denoted by zé € R?, where d is
the model’s hidden dimension.

3 Empirical Study on Cross-Phase
Routing Focus

Our empirical study investigates the relationship be-
tween the reasoning phase and the answer phase of
open-source LRMs. The study reveals that the over-
focus phenomenon of attention patterns between
reasoning and answer steps is a strong indication
of reasoning hallucinations.

Attention Correlation quantifies the association
between reasoning and answer steps using the
model’s self-attention. Prior work shows that atten-
tion weights can capture long-range dependencies
between tokens (Sun et al., 2025; Chen et al., 2025;
Qiu et al., 2025). We extend this idea from token-
level to step-level links by aggregating token-wise
attention within each step. Let W" denote the
step-level attention at layer [ and head h:

L,h I,h
W, = StepPool., ¢, (StepPoolcjlesj (w3 )) ,

i’
ey
where StepPool is a pooling operator (e.g., mean).
wﬁ}?, is the attention weight from token ¢; to c;r.
In multi-head self-attention layers, different

heads encode different attentive patterns. To iden-

19372



tify the most informative heads for discerning se-
mantically significant steps, we select informative
heads using entropy. Given matrix W", we com-
pute HU0 = =3, - (Wi 1og WiT ). A lower
entropy indicates a sharper attention distribution
and a more concentrated, informative attention
head (Li et al., 2025b). Then, we dynamically
choose the k; attention heads with the smallest
entropy for each sample, i.e.,

H = argmin} " H". 2

We then aggregate the selected heads to obtain a
single step-level attention matrix, i.e.,

W = HeadPool( sy W"", 3)

which captures directional attention across steps.
HeadPool is a pooling operator (e.g., mean).
Finally, following Li et al. (2025b), we ad-
just positional biases to reduce recency effects

and normalize the scores to obtain W &
RVR+NA)X(Nr+Na)

Semantic Correlation captures the semantic
alignment between reasoning steps and answer
steps. Reasoning traces generated by LRMs of-
ten contain exploratory, speculative, or redundant
content that does not directly contribute to the fi-
nal answer (Wang et al., 2026). To reduce this
noise, we use Qwen3-235B-A22B-Instruct-2507
(Qwen3-235B, Team, 2025) as an annotator: for
each answer step s; € A, it selects the subset of
reasoning steps in R that are directly relevant. We
then encode these selections as multi-hot vectors to
form a semantic correlation matrix M € RVaxNz:

RMM — LLM(P,Q, R, s;) C R,
M, = MultiHot(RMM), 4

where P is the prompt shown in Appendix G and
MultiHot maps the selected reasoning-step indices
into a multi-hot vector of length Ng.

Routing Focus Score measures how well
attention-based correlations align with semantic
correlations. Specifically, for each answer step
s; € A, we compare the attention vector W; with
the semantic vector M; by quantifying the accu-
mulated attention weights of semantically relevant
entries and obtain a routing focus score:

RFS(W;, M;) = Y W,
JET(M)
(M) = {jIM,; > ¢}, (5)

>
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Figure 1: Routing focus score of steps with different
categories.

where ¢ thresholds semantic relevance. Larger
RFS indicates a stronger focus of attention map on
semantically relevant steps.

Experimental Settings. We validate the effec-
tiveness of the routing focus score on a composite
mathematical dataset, which includes MATHS500,
AIME25, and minervamath, with DeepSeek-R1-
Distill-Qwen-7B (R1-7B, DeepSeek-Al, 2025) and
Qwen3-8B (Team, 2025) models. We first sample
model solutions and retain those with an incorrect
final answer as hallucinated generations. We then
label the correctness of each answer step using a
strong annotator model (Qwen3-235B). To reduce
single-run variance and prompt sensitivity, we run
the judge 5 times independently with an instruction
shown in Appendix G. Based on how frequently a
step is judged incorrect, we partition answer steps
into three groups: (i) hallucinated (marked incor-
rect > 3 times), (ii) possible-hallucinated (marked
incorrect 1-2 times), and (iii) correct (never marked
incorrect).

Across 128 (R1-7B) and 30 (Qwen3-8B) hal-
lucinated solutions, we obtain 356/59 halluci-
nated steps, 176/66 possible-hallucinated steps, and
726/366 correct steps, respectively. To assess label
quality and mitigate bias from relying on a sin-
gle judge model, we additionally perform a human
spot-check. Three postgraduate annotators inde-
pendently audit these steps using the same instruc-
tions, without access to the judge model’s outputs.
The majority vote is conducted when annotators
disagree. We report 86% agreement between the
model-based labels and the human annotations. In
addition, among 100 randomly sampled halluci-
nated steps, 92% stem from concrete arithmetic
mistakes (e.g., incorrect operations on specific num-
bers) or explicit constraint violations.

Results. Figure 1 reports the step-level score dis-
tributions computed with either RFS or Pearson
Correlation Coefficient (PCC) as the scoring func-
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[Question] What is the

least positive integer
multiple of 30 that can be
written with only the digits
0and 2?

[Reason Step 4] --This
means the number of 2s
must be a multiple of 3.

[Answer Step 2]

#### Step 1: Understand the Requirements
- Divisibility by 30: A number must be
divisible by 2, 3, and 5.

- Digits Allowed: Only 0 and 2.

[Answer Step 4] ### Step 3: Construct the
Smallest Such Number

- Start with the smallest number of 2s that
is a multiple of 3: 3 twos.

- Form the number by placing these 2s

followed by a 0.

[Reason Step 10]
Wait, maybe | need a

to be a multiple of 30, it must smarter approach-

[Reason Step 2] First, |
recognize that for a number
be divisible by 2, 3, and 5.

lml -----»[ Step 2 ]—---»[ Step 4 ]—-

[Reason Step 16]
Moving on to three 2s,
the number 220 is
formed by placing three
2s followed by a 0. 0.352

(a) 0.189
W[2,:]%
(b) W[2,:] Semantic Correlation v
O CErTrED o miz:] w 03236 @ Step2: Correct
1 N ) |

[Answer Step 5]

(2 Reason Flow
Enhancement

(1) Attentive
Correlation

W[5,:] Semantic Correlation
(e ] W - /o

M[5,:]»
0.9063 @ Step 5: Hallucinated

€+ (3RFs
—— Calculation

\boxed{220} is Incorrect

Figure 2: Framework overview. (a) Illustration of a reason flow. (b) Schema of RFS-Guard to detect and locate
hallucinations. Arrows point from source steps to destination steps with attention weights.

tion. Both function choices consistently differen-
tiate correct from hallucinated steps: correct steps
exhibit a substantially lower score than halluci-
nated steps. One-sided Mann-Whitney U tests
confirm that the correct-step scores are signifi-
cantly smaller than the hallucinated-steps (R1-7B:
u=9610/p=1.5e-16 for RFS and u=10040/p=2.9e-
15 for PCC. Qwen3-8B: u=6135/p=9.7¢-10 for
RFS and u=8230/p=4.6e-3 for PCC). We provide a
closer look at a boundary case of valid repetition
in Appendix D.

These results suggest that RFS, which captures
the alignment between attention-based routing and
semantic similarity, serves as an effective indicator
of step-level hallucination in open-source LRMs.
Steps with a higher score exhibit a markedly higher
risk of hallucination, while a lower score is associ-
ated with evidence-grounded transitions and logical
deduction. We owe that higher RFS might reflect
a collapse phenomenon in the attention pattern,
where attention increasingly follows superficial se-
mantic neighbors rather than selectively retrieving
task-critical evidence (e.g., numeric quantities or
constraints) from the context.

A higher RFS suggests that the model might
enter a self-confirmation loop: the attention mech-
anism majorly retrieves information from similar
reasoning steps, making the representations of the
reasoning and answering phases increasingly sim-
ilar. As a result, the answer behaves more like
a semantic paraphrase of the ongoing reasoning
trajectory, rather than an independent verification

process. Once a local error occurs in reasoning
(e.g., an arithmetic slip), the answer is more likely
to expand along the same erroneous semantic path,
producing outputs that appear well-structured yet
are factually incorrect.

This collapse might also lead to missing cor-
rective jumps. Effective error correction typically
requires attention to make counter-intuitive transi-
tions, i.e., jumping away from the current semantic
neighborhood to retrieve less similar but decision-
critical evidence, such as rereading the problem
statement or revisiting a key intermediate quan-
tity. When routing is dominated by semantic prox-
imity (high RFS), these cross-semantic jumps are
suppressed, making early mistakes more likely to
propagate through subsequent steps (Zhang et al.,
2024a) and ultimately contaminate the final answer.

4 Methodology

Building on the findings in Section 3, we intro-
duce RFS-Guard, a training-free and lightweight
hallucination detection algorithm for open-source
LRMs. It consists of three components: (1) At-
tention Correlation Module extracts cross-phase
attention patterns between reasoning and answer
steps, (2) Reason Flow Module refines the atten-
tion to better approximate multi-hop information
propagation along the reasoning flow, and (3) Rout-
ing Focus Scoring Module quantifies the degree of
routing focus. Figure 2 shows the overview.

19374



4.1 Obtaining Attention Correlation Map

The attention correlation map is designed to expose
how information is routed between the reasoning
phase and the final answer. A direct use of raw
attention (as discussed in Section 3) is often in-
sufficient for LRMs because it primarily captures
one-hop step-to-step dependencies and thus under-
estimates the multi-hop information flows that arise
in long-form reasoning.

Specifically, the enhanced robustness of LRMs
on complex problem-solving scenarios is closely
attributed to richer reasoning behaviors, such as
exploration of alternative solution paths and self-
verification of intermediate conclusions (Wang
etal., 2025). These behaviors make the dependency
structure inherently non-local: an answer step may
be grounded in evidence distributed across multi-
ple earlier reasoning steps. Consequently, a faith-
ful representation of reasoning-to-answer routing
requires aggregating and propagating attention be-
yond immediate links.

To this end, we construct an enhanced attention
correlation map by constructing a compact and se-
mantically relevant reason flow to precisely track
the information flow from each intermediate rea-
soning step to the final answer step, which then sup-
ports the subsequent routing focus scoring stages.

Reasoning Flow. Our goal is to trace how the
final answer A is supported by intermediate reason-
ing steps [2. We assume that each answer step s;
depends on only a small subset of influential prior
steps, while many other steps (e.g., misguided ex-
ploration or redundant self-verification) contribute
little. To emphasize the truly supportive steps,
we adapt the backtracking mechanism of Li et al.
(2025b) to construct a compact reasoning flow that
approximates the dominant information flow into
each answer step s; € A.

Let W denote the step-level attention matrix
from Equation 3. Starting from S2.. = {s;}, at
iteration p we collect candidate links from each
current source step s; € Sk to its top-kz most
attended predecessors:

LP = {(sk,55) | si € argmaxy, (W;),s; € S .}.

(6)

We then score each candidate predecessor sy by its
accumulated influence:
> Wik, (7

0(sk) =
(Skfsj)Elip

and keep the top-k3 predecessors with 6(s;) >

Hmin:

Scll)st = argmaxy, ({Sk : G(Sk) > emin}) )
LP = {(sk,55) € L7 | s, € Sy} (B

We set SPEL « 8P, and iterate until reaching the
input prompt or a maximum depth. The resulting
reason flow for s; is C; = {LV }5;1, where P; is
the number of iterations conducted.

Attention Enhancement. Given C;, we calibrate
W to reflect multi-hop support from earlier steps.
For each iteration p, we propagate attention along
links in £P, i.e.,
B - W, Wi, (sgsj) €Ll ©
bk 0, otherwise.
We aggregate these signals to obtain the calibrated
attention vector for s; with factor o:
P;
W, =W, + ZOJPEI;,
p=1

and stack across steps to form the calibrated map
W, which captures multi-hop correlations between
all reasoning and answer step pairs.

(10)

4.2 Obtaining Semantic Correlation Map

The semantic correlation map captures step-level
semantic relatedness (e.g., shared equations, quanti-
ties, or atomic facts) between reasoning and answer
steps. While this map could be obtained via LLM-
based or manual annotations, such approaches are
typically costly and difficult to scale.

Instead, we approximate semantic correlation us-
ing embedding similarity. Concretely, we represent
each step s; by aggregating token hidden states
from transformer layer [:

zi,j = EmbPoolcs, (zf:), 1D

where Z!. is the hidden state of token c at layer [
and EmbPool is a pooling operator (e.g., mean).
For a sample (@, R, A), we compute the semantic
correlation map M via cosine similarity between
each answer step s; € A and each reasoning step

sj € R,i.e., M; ; = cosine (zl_ 7! )

8;7 “s;

4.2.1

For a generation consisting of reasoning steps
R and answer steps A, the calibrated attention
map W encodes how information is routed from
R to each s; € A, while the semantic map M
provides semantic proximity between these steps.

Measuring Routing Focus Score
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Catesor Method R1-7B R1-14B Qwen3-$B Qwen3-14B
ategory etho AUROC AUPRC Fl |AUROC AUPRC Fl |AUROC AUPRC FlI |AUROC AUPRC Fl
MATH
Rule LengthScore | 0.5589 0.5420 0.5057| 0.4943 05084 0.4795| 0.5462 0.5710 05439 | 0.5045 05267 0.5333

SINdex 05362  0.5534 0.5747] 0.5238 0.5271 0.5728] 0.5248 0.5262 0.6142| 05172 0.5356 0.3488
Ensemble  SelfCheckGPT | 0.5274 0.5390 0.5321| 0.5922 05710 0.0800 | 0.5423 0.5463 0.5935| 0.5286 0.5235 0.6585
RACE 0.5510  0.5537 0.5806| 0.5150 0.4982 0.5208| 0.5277 0.5398 0.5873 | 0.4983 0.5570 0.5985
P(True) 0.5492  0.5461 0.6497 | 0.5166 0.5474 0.3830| 0.4967 0.5261 0.5071| 0.5371 05275 0.5821
Uncertaint LNPE 0.5154 05148 0.6468 | 0.5129 0.5545 0.5674| 0.5282 0.5549 0.5839 | 0.5069 0.5437 0.6415
oty PPL 0.5412 05391 0.6052| 0.5351 0.5635 0.5728| 0.5645 0.5850 0.5049 | 0.4340 0.4909 0.6323
ccp 04298 04467 0.6436| 0.5561 0.5342 0.6441| 0.4623 0.5001 0.6411| 0.4494 0.4533 0.6588
EigenScore | 0.5325 0.5315 0.6443| 0.5418 0.5307 0.5445| 0.5558 0.5623 0.5983| 0.5380 0.5426 0.6015
AttentionScore | 0.5393  0.5430 0.6299 | 0.5174 0.5222 0.6009 | 0.5392 0.5461 0.5920 | 0.5015 0.4952 0.6456
Self. UQAC 0.6033  0.5932 0.6099| 0.5225 0.5367 0.6102| 0.5377 0.5512 0.6230| 0.4641 0.5034 0.6065
e RHD 05659 0.5730 0.6313| 0.5686 0.5251 0.5697 | 0.5788 0.5535 0.6067 | 0.5380 0.5702 0.6116
RFS-Guard | 0.6370 0.6215 0.6666| 0.6404 0.6257 0.6520| 0.6115 0.6187 0.6579| 0.6224 0.5771 0.6626
Improvement | 5.59% 4.77% 2.60% | 8.14% 9.58% 123% | 5.65% 576% 2.62% | 15.69% 121% 0.58%
Science

Rule LengthScore | 0.4935 0.5013 0.4723] 05763 0.5308 0.6160| 0.5287 05341 0.4286| 0.5122 0.4990 0.5150
SINdex 05031 0.5290 0.5053| 0.5234 0.5233 0.6055| 0.5164 0.4984 0.5176| 0.5246 0.5204 0.5057
Ensemble SelfCheckGPT | 0.5744 05954 04267 | 05131 05174 05714 | 04967 0.5155 0.0465| 0.5304 05185 0.3704
RACE 05250 0.5435 05111| 05479 05374 0.5550 | 0.4990 0.4981 0.5699 | 0.5383 0.5244 0.5700
P(True) 0.5347 05275 0.6567] 05122 0.5033 0.5116| 0.4942 0.5046 0.5771| 0.5365 0.5254 0.5591
Uncertaint LNPE 0.5050 0.5249 0.5200| 0.5234 0.5113 0.5376 | 0.5511 0.5382 0.6449 | 0.5193 0.5624 0.6250
neertainty PPL 0.5532 05777 0.6154| 04801 0.5641 0.4561| 0.5279 0.5429 0.6584 | 0.5314 0.5470 0.6420
ccp 0.5737  0.5634 0.5455| 0.5091 0.5460 0.6415| 0.4909 04797 0.6612 | 0.4669 0.4661 0.6667
EigenScore | 0.5139 0.5376 0.6478| 0.5251 05113 0.6372] 04997 0.5141 0.5729] 0.5040 0.5024 0.5755
AttentionScore | 0.5803 05936 0.6019 | 0.5153 05154 0.6195| 0.5199 0.5179 0.6449 | 0.4742 0.4879 0.6475
Self. UQAC 04381 04567 0.6333| 0.5016 0.4900 0.6213 | 0.4387 0.4776 0.6553 | 0.5247 0.5429 0.5579
e RHD 0.6575 0.6186 0.6588 | 0.6094 0.5697 0.6344 | 0.5136 05043 0.5952| 0.5577 0.5293 0.5943
RFS-Guard | 0.6738 0.6222 0.6670| 0.6511 0.5805 0.6490 | 0.5760 0.5619 0.6667 | 0.5860 0.5848 0.6720
Improvement | 2.48% 0.58% 124% | 6.84% 190% 1.17% | 4.52% 3.50% 0.83% | 5.07% 3.98% 0.79%

MultiHopQA
Rule LengthScore | 0.4801 0.4908 0.4520| 0.5404 05311 0.4295| 0.5237 0.5122 0.4762| 0.6361 0.5854 0.5325
SINdex 05321 0.5316 0.4466| 0.5296 05294 0.5707| 0.5261 05218 0.5010| 0.5232 0.5287 0.5629
Ensemble  SelfCheckGPT | 0.5527 05416 0.5796 | 0.5896 0.5939 0.6194| 0.5761 0.5913 05069 | 0.5317 05144 0.6452
RACE 0.5293  0.5342 0.4706| 0.5513 0.5484 0.6071| 0.5530 0.5287 0.5079 | 0.5413 05392 0.5081
P(True) 0.5023  0.5088 0.6504 | 0.5211 0.5332 0.4809| 0.5034 04955 0.6469 | 0.4928 0.5129 0.3605
Uncertaint LNPE 0.5471 05136 0.6505| 0.5352 0.5150 0.6347| 0.6170 0.5842 0.6480 | 0.6351 0.5938 0.6247
neertainty PPL 0.5090 0.5019 0.6344 | 04819 04971 0.5178| 0.6341 0.5830 0.6489 | 0.6158 0.6241 0.6528
ccp 05142 0.5053 0.4165| 0.5569 0.5523 0.6178 | 0.5754 0.5407 0.6409 | 0.4065 0.4997 0.6560
EigenScore | 0.4863 0.5005 0.6576| 0.4892 0.5033 0.6549 | 0.5345 05117 0.5759 | 0.5238 0.5231 0.6692
AttentionScore | 0.5548  0.5580 0.6435| 0.5398 0.5329 0.6562| 0.5335 0.5247 0.6493 | 0.5519 0.5243 0.6716
Seif UQAC 0.5563  0.5482 0.5913 | 0.4815 04906 0.6327| 0.6247 0.5896 0.5706 | 0.6515 0.6532 0.5125
e RHD 0.5610  0.5567 0.4063 | 0.5381 0.5597 0.6555| 0.5199 0.5451 0.6321| 0.6288 0.6289 0.6188
RFS-Guard | 0.6096 0.5996 0.6638| 0.6173 0.6139 0.6568 | 0.6549 0.6248 0.6624| 0.6680 0.6863 0.6849
Improvement | 8.66% 7.46% 0.94% | 470% 3.37% 0.09% | 3.28% 5.67% 2.02% | 2.53% 5.07% 1.98%

Table 1: Hallucination detection results. Bold: best. Underlined:

second best.

We compute the RFS (Equation 5) for each an-
swer step by measuring their alignment, i.e., y; =
RFS(W;,M;), and use y; as the hallucination
score of step s;. To obtain an overall score for
the entire sample, we take the maximum score over
answer steps, i.e., Y = maxy;cA ;.

5 Experiments

5.1 Experimental Setup

Dataset Construction. Following Sun et al.
(2026), we construct hallucination detection

datasets by prompting LRMs to generate reason-
ings and answers to questions spanning Math,
Science, and MultiHopQA. We use four strong
open-source models: DeepSeek-R1-Distill-Qwen-
7B (R1-7B), DeepSeek-R1-Distill-Qwen-14B (R1-
14B, DeepSeek-Al, 2025), Qwen3-8B, and Qwen3-
14B (Team, 2025). For each question, we gener-
ate 20 solutions from each model with tempera-
ture=0.7 and check their correctness with Qwen3-
235B given ground-truths and prompts in Appendix
G. We keep one correct and one hallucinated solu-
tion for each question for balanced datasets. We
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report AUPRC{, AUROCT, and F11 scores to
measure hallucination detection performance. Ap-
pendix B shows the statistics of the datasets.

Baselines. We include four categories of base-
lines. (1) Rule-based method (Zeng et al., 2025)
directly uses length of the reasoning trace as its
hallucination score. (2) Ensemble-based methods
use sampling and voting for confidence estimation,
including SelfCheckGPT (Manakul et al., 2023),
SINdex (Abdaljalil et al., 2025), and RACE (Wang
et al., 2026). (3) Uncertainty-based methods rely
on logit distributions at the top layer, including
P(True) (Kadavath et al., 2022), LNPE (Ren et al.,
2023), Perplexity (PPL, Malinin and Gales, 2021b),
and CCP (Fadeeva et al., 2024). (4) Self-Aware-
based methods investigate specific patterns within
hidden states or attention maps, including Eigen-
Score (Chen et al., 2024a), AttentionScore (Sri-
ramanan et al., 2024), UQAC (Li et al., 2025b),
and RHD (Sun et al., 2026). More implementation
setups are described in Appendix C.

5.2 Main Results

Table 1 reports the hallucination detection re-
sults. Overall, uncertainty-based methods out-
perform rule-based and ensemble-based base-
lines. We hypothesize this is because LRM
generations are typically long, logically orga-
nized, and rhetorically convincing (Wang et al.,
2025), making surface-level semantic comparison
and voting-based aggregation less reliable. Self-
Aware approaches are also competitive, suggesting
that signals extracted from internal model states
can effectively capture hallucination-related pat-
terns. Across all settings, RFS-Guard achieves the
best performance, improving over the strongest
baseline by an average of 5.28%/2.74%/3.81%
on MATH/Science/MultiHopQA, respectively.
In particular, compared with RACE (Wang
et al., 2026), which also evaluates reasoning-
answer consistency, RFS-Guard yields gains of
16.63%/16.72%/21.09% on the three datasets.

5.3 Efficiency

Figure 3 and Appendix F.1 compare detection
performance with inference time for representa-
tive methods. Ensemble-based approaches (e.g.,
RACE) require multiple forward passes to produce
diverse generations, leading to substantial computa-
tional overhead. In contrast, uncertainty-based and
self-aware-based methods are markedly more effi-
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Figure 3: Hallucination detection efficiency. x: average
performance. y: inference time per sample (logarithm).
Scale: number of tokens cost. Bold numbers indicate
the inference time of RFS-Guard.

cient because they rely on intrinsic model signals,
such as hidden-state dynamics or attention patterns,
without additional sampling. Compared with all
baselines, RFS-Guard provides favorable accuracy-
efficiency trade-offs, therefore, more suited for
latency-sensitive or resource-constrained deploy-
ment.

5.4 Hallucination Localization

Beyond sample-level hallucination detection, we
further evaluate whether methods can localize hal-
lucinations within an answer. To construct step-
level ground truth, we label the correctness of each
answer step using Qwen3-235B and then manu-
ally verify the annotations, following the proto-
col in Section 3. We report AUROC and AUPRC
over all answer steps, as well as Hit@k over sam-
ples, which measures whether the top-k highest-
scored steps overlap with the ground-truth erro-
neous steps. To enable step-level evaluation, we
adapt several baselines to output a binary score
for each answer step, including LengthScore, Self-
CheckGPT, P(True), PPL, CCP, EigenScore, and
AttentionScore (details in Appendix C).

Table 2 summarizes the results. Among the base-
lines, SelfCheckGPT performs best overall, consis-
tent with the effectiveness of step-wise checking
via external evidence; however, it is also substan-
tially less efficient, which limits practical use. In-
terestingly, LengthScore is competitive, supporting
the intuition that longer reasoning traces tend to
be more error-prone (Zeng et al., 2025). In con-
trast, uncertainty-based methods, which are strong
at sample-level detection, degrade noticeably at
the step level, suggesting that local uncertainty can
be dominated by linguistic variability or syntactic
ambiguity rather than factual correctness. RFS-
Guard achieves the strongest step-level localization
performance, likely because it explicitly models
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Model Method MATH Science MultiHopQA
AUPRC AUROC H@l1 H@3 | AUPRC AUROC H@l H@3 | AUPRC AUROC H@l H@3
LengthScore | 0.3960  0.6231  0.4931 0.4398 | 0.6591  0.5404 0.8140 0.6589 | 0.9354  0.7855 0.9625 0.8222
SelfCheckGPT | 0.4175  0.6452 0.5317 0.4573 | 0.6872  0.5663 0.8437 0.6798 | 0.9346  0.8039 0.9708 0.8181
P(True) 0.3227 0.5533  0.4097 0.3472 | 0.6579 0.5739  0.7907 0.6899 | 0.7979 0.4386 0.8250 0.7375
0.2708  0.4812 0.3403 0.3356 | 0.6487  0.5638 0.7442 0.6512 | 0.7783 03926 0.7667 0.7208
R1-7B 0.2437 04165 0.3056 0.2870 | 0.5939  0.4902 0.5814 0.5969 | 0.8434  0.5296 0.8917 0.7639
EigenScore 0.3375  0.5858 0.3819 0.3773 | 0.5263  0.4005 0.4884 0.5504 | 0.8956  0.6654 0.9500 0.7986
AttentionScore | 0.2943  0.5204 03056 0.2986 | 0.6183  0.5043 0.6744 0.6202 | 0.8323  0.5288 0.8875 0.7736
RFS-Guard | 04251 0.6413 0.5512 0.4671 | 0.7231  0.5939 0.8881 0.7227 | 0.9401 0.8181 0.9791 0.8240
Improvement 1.8% -0.6% 37%  2.1% 5.2% 3.5% 53%  4.8% 0.5% 1.8% 09%  02%
LengthScore | 0.1547  0.5833  0.1909 0.1674 | 0.3578  0.6407 0.4018 0.3951 | 0.8761  0.5738 0.9686 0.7442
SelfCheckGPT | 0.1528  0.5651 0.1909 0.1630 | 0.3207  0.6007 0.3853 0.3588 | 0.9156  0.7225 0.9308 0.8071
P(True) 0.1387 0.4904 0.2174 0.1304 | 0.2733 0.5842  0.2941 0.2500 | 0.7488 0.3496  0.7673 0.7191
0.1133 04214 0.0870 0.1014 | 0.2505 0.5679 0.1176 0.1716 | 0.7901  0.4379  0.8553 0.7463
Qwen3-8B 0.1119 04753 0.0160 0.1159 | 0.1746  0.3583  0.1471 0.1569 | 0.8658  0.5804 0.9245 0.7254
EigenScore 0.1466  0.5302 0.1739 0.1449 | 0.3330  0.6657 0.2941 0.3627 | 0.7504  0.4143 0.7736 0.7275
AttentionScore | 0.1143  0.4729 0.0870 0.1014 | 0.2861  0.6203 0.2647 0.3284 | 0.8934  0.6943  0.9686 0.7904
RFS-Guard 0.1671 0.5981 0.2231 0.1771 | 0.3819 0.6813  0.4281 0.4005 | 0.9356 0.7625  0.9723 0.8060
Improvement 8.0% 2.5% 2.6%  5.8% 6.7% 2.3% 6.5%  1.4% 2.2% 5.5% 04%  -0.1%

Table 2: Hallucination localization performance. Bold:
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Figure 4: Ablation results.

multi-hop information flow to each answer step,
enabling fine-grained identification of where atten-
tions collapse into self-confirming routing.

5.5 Ablation Study

We perform an ablation study to quantify the con-
tribution of each component in RFS-Guard. Con-
cretely, we ablate (1) Semantic Correlation Module
by using the last-token hidden state for EmbPool
(w/ LastToken), Qwen3-Embedding-8B embed-
dings (w/ Embedding), or LLM-judged semantic
correlations obtained by prompting Qwen3-235B
(w/ LLM); and (2) the Attention Correlation Mod-
ule by removing the reasoning-flow backtracking
(w/o Flow) or altering token-to-step aggregation
StepPool using max (w/ MaxPool) or sum (w/
SumPool). Figure 4 and Appendix F.2 report the
results.

best. Underlined: second best.

Replacing the semantic module with external
models consistently degrades performance, which
might be because embedding models are less sen-
sitive to subtle differences in long reasoning steps.
The reasoning flow is particularly important: re-
moving it causes a clear drop in accuracy (averag-
ing -2.5%/-4.6% for R1-7B/Qwen3-8B). The ef-
fect is more salient on datasets with longer traces
(e.g., Qwen3-8B MATH and Science with ~100
steps on average), where the drop increases to -
5.9%/-5.3%. This pattern highlights the necessity
to model long-range, non-local information flow in
LRMs for reliable hallucination detection. Finally,
alternative aggregation strategies (w/ LastToken, w/
MaxPool, and w/ SumPool) yield smaller but consis-
tent declines (-1.3%, -2.7%, and -1.9% on average)
relative to the full RFS-Guard.

6 Conclusion

We propose RFS-Guard, a lightweight and training-
free framework for hallucination detection in large
reasoning models. It monitors cross-phase infor-
mation flow from reasoning to answering via the
Routing Focus Score (RFS), which quantifies the
extent to which attention routing collapses toward
semantic-neighbor connections. Experiments span-
ning domains and model families further show that
RFS-Guard achieves state-of-the-art detection and
localization performance while remaining compu-
tationally efficient. Overall, our results suggest that
routing collapse provides a useful structural signal
for diagnosing and localizing reasoning failures,
helping improve the reliability of LRMs.
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Limitations

REFS provides a correlational signal and does not,
by itself, establish a causal relationship between
routing collapse and hallucinations. Its perfor-
mance may depend on the quality of step segmen-
tation and may vary with model families, prompt-
ing styles, and decoding configurations. Moreover,
RFS may also be useful beyond detection, serving
as an optimization signal for hallucination mitiga-
tion (e.g., as a reward or constraint in reinforcement
learning). We leave a systematic investigation of
this direction to future work. Finally, RFS-Guard
requires access to internal activations (attention
and hidden states), which limits its applicability to
closed-source systems exposed only through black-
box APIs.
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A Related Works

A.1 Hallucination in Large Language Models

The leading strategies for hallucination in LLMs
can be broadly categorized into two complementary
directions: looking outward to ground the models’
generation process in external, verifiable knowl-
edge, and looking inward to the models’ own inter-
nal states for signals of uncertainty and failure.

Model-based strategies treat the LLM as a self-
reflective agent capable of verifying its own out-
puts through techniques. For example, Zhang et al.
(2024b); Zhao et al. (2024); Liu et al. (2025) ask
the model to iteratively generate and critique its
reasoning. Chain-of-verification (Miao et al., 2024;
Miindler et al., 2024; Dhuliawala et al., 2024)
structure self-correction via planned verification
questions. Retrieval-augmented verification (Kang
et al., 2023; Min et al., 2023; Wei et al., 2024) uti-
lizes retrieved information from external databases
to verify the accuracy of the models’ generated
content. Complementarily, inner-state-based meth-
ods adopt a “white-box” perspective by analyzing
internal model signals during generation, for ex-
ample, uncertainty quantification via probability-
based metrics (Malinin and Gales, 2021a; Farquhar
et al., 2024; Kadavath et al., 2022). More advanced
probing techniques examine hidden states (Azaria
and Mitchell, 2023; Li et al., 2023), attention pat-
terns (Wu et al., 2025; Binkowski et al., 2025),
or layer-wise dynamics (Sun et al., 2025; Wang,
2025). For example, using eigen values (Chen et al.,
2024a) from response embeddings, sharpness of
hidden state distributions (Chen et al., 2024b), spec-
tral features of attention maps (Binkowski et al.,
2025), or tracking feed-forward versus attention
contributions (Zhang et al., 2025b) to identify sub-
tle indicators of hallucination. Together, these ap-
proaches aim to enhance the reliability and trust-
worthiness of LLM-generated content, yet they are
less effective for large reasoning models.

A.2 Hallucination in Large Reasoning Models

Hallucination in LLMs refers to model generating
content that is superficially coherent and plausi-
ble but inconsistent with the context or factuality
(Wang et al., 2025). Since LRMs often generate
content that is more logically coherent and per-
suasive, hallucinations are prone to spread (Zhang
et al., 2024a) and harder for users to identify, espe-
cially in high-stake senarios such as law and health-
care. For example, Zhang et al. (2025a) adopts

19381


https://openreview.net/forum?id=ZURs3YZclt
https://openreview.net/forum?id=ZURs3YZclt
https://openreview.net/forum?id=ZURs3YZclt
https://openreview.net/forum?id=kkYnOEmA7D
https://openreview.net/forum?id=kkYnOEmA7D
https://openreview.net/forum?id=kkYnOEmA7D

linear probing to identify errors early in reasoning.
HARP (Hu et al., 2026) decomposes LLLM hidden
states into semantic and reasoning subspaces us-
ing SVD on the unembedding layer, then projects
hidden states onto the reasoning subspace. RACE
(Wang et al., 2026) jointly evaluates intra and inter
consistencies of reasoning and answer procedures.
Xiong et al. (2025) proposes to evaluate the faithful-
ness of thinking drafts along intra-draft and draft-
to-answer faithfulness. RHD (Sun et al., 2026)
introduced reasoning scores based on divergence
between intermediate hidden states and final logits.
Lu et al. (2025) reveals that reasoning LL.Ms am-
plify hallucinations through overconfident, prompt-
aligned reflection in long chain-of-thought reason-
ing, making errors persistent and hard to detect
or correct. HalluGuard (Zeng et al., 2026) jointly
identifies both data-driven (from flawed training
knowledge) and reasoning-driven (from unstable
inference dynamics) hallucinations by leveraging
Neural Tangent Kernel-induced geometry and rep-
resentation stability. CoRE-Eval (Li et al., 2025a)
and G-Detector (Zhang et al., 2026) leverage geo-
metric analysis of latent reasoning trajectories to
detect redundant thinking or hallucinations, im-
proving both efficiency and accuracy in large rea-
soning models.

B Datasets

For the MATH dataset, we include questions
from MATH-500', AIME252, and minervamath’
datasets. For the Science dataset, we include ques-
tions from GPQA-extended* dataset. For the Mul-
tiHopQA dataset, we include questions from Hot-
potQA?>, 2WikiMultihopQA®, MuSiQue’, and bam-
boogle® datasets.

Table 3 shows the statistics of the datasets. To
ensure stability, we sample responses to construct

"https://huggingface.co/datasets/
HuggingFaceH4/MATH-500
https://huggingface.co/datasets/
math-ai/aime25
*https://huggingface.co/datasets/
math-ai/minervamath
*nttps://huggingface.co/datasets/
Idavidrein/gpga
Shttps://huggingface.co/datasets/
hotpotga/hotpot_ga
®https://huggingface.co/datasets/
voidful/2WikiMultihopQA
"nttps://huggingface.co/datasets/
dgslibisey/MuSiQue
$https://huggingface.co/datasets/
chiayewken/bamboogle

the datasets offline. During hallucination detec-
tion inference, we subsequently employ the same
model to encode the token sequences of these re-
sponses, thereby preserving consistency between
the model’s state at inference and its state during
response generation. During dataset generation, we
only keep solutions with no more than 200 steps,
and each step has a maximum token length of 512.

C Implementation Details

Hyperparameters. We implement StepPool,
HeadPool, and EmbPool with the mean operation.
Following Li et al. (2025b), all stop tokens (e.g.,
pronouns) are skipped. ko in Equation 6 is set to 3
and ks in Equation 8 is set to 5, and minimal atten-
tion weight 6,,,;,, is 0.1. k1 in Equation 3 is set to
8 for R1-7B and Qwen-8B and 16 for R1-14B and
Qwen3-14B. We set o, in Equation 10 to 1 for all it-
erations. ¢ in Equation 5 is set to 0.9. We search for
the best layer index [ individually for each model
in Equation 11 from {0,1, N/2, N — 1}, where N
is the number of hidden layers for the model, and
set [ = 1 across all our experiments. This configu-
ration consistently yields competitive results across
most settings (shown in Appendix E.1), though
task-specific tuning may offer marginal gains.

Software and Hardware. Experiments are con-
ducted on Linux machines with Python 3.10.15,
PyTorch 2.4.0, Transformers 4.51.3, VLLM 0.11.0,
and CUDA 12.4, equipped with Intel Xeon Plat-
inum 8369B CPUs and NVIDIA H20 96G GPUs.

Threshold Decision. For each method, we in-
dividually normalize all predicted scores to [0, 1]
before applying thresholding. We then set a fixed
threshold of 0.5 for all methods. Predictions with
scores equal to or higher than the threshold are con-
sidered positive (hallucinated) predictions, while
scores lower than the threshold are considered neg-
ative (correct) predictions.

Localization Experiments. Since most baselines
are designed for answer-wise hallucination detec-
tion, they are not originally suitable for localizing
the specific hallucinated steps from the answer. To
this end, we modify the following baselines such
that they can predict a binary score individually for
each answer step:

» LengthScore uses the length of each step as
the prediction.
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Model MATH Science MultiHopQA
#Sample #Step (correct) #Step (hallu) | #Sample #Step (correct) #Step (hallu) | #Sample #Step (correct) #Step (hallu)
R1-7B 192 37.32 30.23 46 41.24 43.43 240 17.92 17.94
R1-14B 93 62.62 63.59 90 108.57 119.89 184 14.17 15.08
Qwen3-8B 52 94.94 100.25 32 134.16 137.7 160 41.03 41.74
Qwen3-14B 57 94.21 90.72 39 126.26 124.85 189 26.44 31.46

Table 3: Dataset statistics. #Step(correct)/#Step(hallu): average number of steps per correct/hallucinated sample.

¢ SelfCheckGPT checks consistencies of each
answer step over sampled documents.

¢ P(True) checks the normalized confidence of
False token for each step.

* PPL and CCP aggregate token features (en-
tropy or probability) within each step.

 EigenScore generates multiple next-steps and
computes their EigenScore at the end of each
answer step as the prediction.

* AttentionScore computes the determinant
score of the attention map at the end of each
answer step.

D Boundary Case of Valid Repetition

In Section 3, we reveal that the over-focus phe-
nomenon of attention patterns between reasoning
and answer steps is a strong indication of reasoning
hallucinations. We take a closer look at a boundary
case of valid repetition behaviors where models
copy outputs from semantically identical preceding
content.

Our empirical analysis is conducted with R1-
7B on the MATH domain by examining 1,033 in-
stances of valid repetition (where reasoning and
answer steps exhibit high lexical similarity judged
by Qwen3-235B) and further classifying them into
correct repetitions versus hallucinated repetitions
(whether the step contains factual errors).

Results show that hallucinated repetitions ex-
hibit significantly higher attention weights com-
pared to correct repetitions, which is consistent
with conclusions in Section 3. Specifically, the
sum/maximum/average attention scores assigned
to repeated reasoning steps are statistically higher
in hallucinated cases (one-sided t-tests: p=1.25e-
07/8.26e-06/1.92e-04). Moreover, we observe that
the attention allocated to the initial several an-
swer steps is significantly lower in hallucinated
responses than correct responses (p=5.30e-16 for
the first answer step, p=8.65e-07 for the second an-
swer step), suggesting that hallucinated responses

k1 ko ks ‘ MATH Science QA ‘ A(%)
4 3 5| 06165 06321 0.6166 | -2.86
8 3% 5% | 0.6417 0.6543 0.6243 -

16 3 5 | 06371 0.6415 0.6126 | -1.52
32 3 5 | 06361 06355 0.6040 | -2.34
64 3 5 | 06355 0.6335 0.5968 | -2.86
8 1 5 | 06171 0.6389 0.6192 | -2.34
8 5 506367 0.6451 0.6188 | -1.03
8 3 3 | 06367 0.6436  0.6300 | -0.51
8 3 7 | 06332 0.6456 0.6288 | -0.65
8 3 9 | 0.6425 0.6429 0.6219 | -0.67

Table 4: Sensitivity analysis of k1, k2, and k3 with R1-
7B. Bold: best. Asterisk*: default. Metrics refer to

average AUROC, AUPRC, and F1 scores.

Model k1 | MATH  Science QA A(%)
4 0.5603  0.5771 0.6428 -5.25
Qwen3- 8* 0.6294  0.6015 0.6474 -
B 16 0.6201 0.5868 0.6511 -1.11
32 0.5902 0.6014 0.6537 -1.75
64 0.5966 0.5926 0.6588 -1.64
4 0.6123 0.6492 0.6127 -1.11
RI- 8 0.6306  0.6451 0.6291  +0.50
14B 16* | 0.6394 0.6269  0.6293 -
32 0.6606 0.6076  0.6431 +0.81
64 0.6388 0.6043 0.6195 -1.75
4 0.6253 0.5756 0.6406 -3.42
Qwen3- 8 0.6134 0.5944 0.6651 -1.82
14B 16* | 0.6207 0.6143 0.6721 -
32 0.6381 0.5996 0.6624 -0.34
64 0.6573 0.5686 0.6370 -2.26

Table 5: Sensitivity analysis of k1 with different models.
Bold: best. Asterisk™*: default. Metrics refer to average
AUROC, AUPRC, and F1 scores. Results of R1-7B are
shown in Table 4.

show weakened contextual coherence and evidence
retrieval.

E Sensitivity Analysis

E.1 Hyperparameters

Table 4 and Table 5 show the results of a compre-
hensive hyperparameter sweep. While our default
setting is slightly suboptimal compared to the best-
performing combination, it provides a robust and
convenient out-of-the-box solution.
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Model Seg. | MATH  Science MultiHopQA
\n\n | 0.6417  0.6543 0.6243

oy | 06283 06261 0.6240

R1-7B SPAYY | (21%)  (-4.4%) (-0.1%)
0.6256  0.6596 0.6391

NLTK | 06%)  (+0.9%)  (+2.4%)

\n\n | 0.6294  0.6015 0.6474

Owend-  spaCy | 06276 0.6085 0.6577
o8 SPALY | (L03%)  (+1.4%) (+1.6%)
NLTK | 06114 0.6167 0.6594

(-3.0%)  (+2.8%) (+1.9%)

Table 6: Results with different segmentation methods.
Metrics refer to average AUROC, AUPRC, and F1
scores.

Evaluate whether the expression inside the \boxed{} in the
provided answer exactly matches the given ground truth.
Ignore differences in formatting, whitespace, or stylistic
notation, but consider semantic equivalence and symbolic
identity.

Return "Correct" if they are equivalent, and "Incorrect"
otherwise.

Answer: {answer}

Ground Truth: {gold}

Table 7: Prompt for answer checking.

E.2 Segmentation

In default settings, we adopt a step-separation in-
struction for \n\n format, following prior work (Sun
et al., 2026). This simple delimiter effectively
prompts the model to structure its reasoning into
distinct steps during generation.

To assess the sensitivity of our method to seg-
mentation strategies, we conducted an ablation
study using alternative approaches. Specifically,
sentences are split via NLTK (with the punkt to-
kenizer) and spaCy (with the en_core_web_sm
model). The average number of steps increases
from 61.5 to 102.4 (with NLTK) and 105.1 (with
spaCy). As shown in Table 6, different segmen-
tation methods yield performance comparable to
the default \n\n separator. However, they introduce
additional dependencies and computational over-
head. Given the simplicity and effectiveness of the
\n\n approach, we retain it as our default while ac-
knowledging that other segmentation schemes are
viable.

F Detailed Experimental Results

F.1 Efficiency

Table 10 shows the full results of the performance
and inference time of representative methods.

# Instruction
You are an expert in analyzing the incorrectness of a math-
ematical reasoning chain. Your task is to identify which
steps are incorrect.
# Query
{query}
# True Answer
{answer}
# Candidate Reasoning Steps
{chain}
Please list all incorrect steps in the following JSON format.
T json
{
"error_steps": [0, 1, 2, 3...]
}

Table 8: Prompt for annotating hallucinated steps.

F.2 Ablation Study

Table 11 shows the full results of the ablated vari-
ants.

G Prompt

Table 7 shows the prompt for checking the cor-
rectness of a generated answer. Table 8 shows the
prompt for annotating hallucinated steps given an
incorrect answer. Table 9 shows the prompt for
mapping semantically similar reasoning to answer
steps.
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# Instruction

You are given a reasoning trace that consists of two parts: "think" and "response".

Each part is a list of steps (sentences). Your task is to map each step in the "response” to the most relevant step(s) in the
"think" that directly support or lead to it.

Format your answer as a JSON object with the key "mapping", whose value is a list of objects.

Each object corresponds to one "response” step (in order) and has:

- "response_step_index": the 0-based index of the response step,

- "think_step_indices": a list of 0-based indices from the "think" steps that justify or produce this response step.

Only include direct and clear correspondences. If a response step draws from multiple think steps, list all relevant indices.
If none clearly correspond, use an empty list.

# Think Steps

{thinking_steps}

# Response Steps

{response_steps}

Now output the mapping in the specified JSON format.

Table 9: Prompt for semantic correlation between reasoning and answer steps.

Ensemble Uncertainty Self-Aware
Model Dataset SINdex SelfCheckGPT RACE PPL CCP EigenScore  AttnScore UQAC RHD RFS-Guard
Time #Token Time #Token Time #Token | Time Time | Time #Token Time Time  Time Time
MATH 240 35657 247 37510 1652 124372 | 02 389 | 200 18213 0.9 14.1 25 2.8
R1-7B Science 587 60,633 337 65227 1813 198,922 | 09 365 | 39.1 19,123 0.8 20.5 25 3.7
MultiHopQA | 27.8 12,019 85 11,836 72.6 39,844 | 03 88 | 348 4218 0.3 8.6 0.8 1.4
MATH 673 63320 714 66,774 2848 207,675 | 0.8 283 | 51.1 21412 2.8 129.9 5.7 12.6
R1-14B Science 829 88,840 91.1 94302 3326 286,582 | 14 481 | 814 29914 4.6 2572 120.0 21.1
MultiHopQA | 10.1 10,577 104 11,068 579 36,651 0.2 7.3 10.0 3,591 0.5 17.7 0.9 2.7
MATH 478 70,209 49.0 73,008 209.9 225261 | 0.7 702 | 29.3 23948 34 54.1 6.8 11.0
Qwen3-8B Science 67.0 102972 752 108,365 294.8 329,593 | 1.0 109.2 | 639 35968 49 97.8 13.8 16.6
MultiHopQA | 122 20,025 13.0 21,016 66.7 66,131 0.2 169 | 109 7,749 1.4 25.8 2.5 5.7
MATH 644 73258 69.7 77,597 2729 237983 | 1.1 704 | 49.8 23,841 4.0 120.0 9.5 15.7
Qwen3-14B Science 969 112,476 724 117,814 326.7 359,259 | 1.6 108.4 | 80.6 40,713 57 98.8 104 22.0
MultiHopQA | 13.0 16,186 11.0 17291 652 54852 | 0.3  20.1 8.6 5,121 1.1 28.0 2.0 3.7

Table 10: Hallucination detection efficiency. Time: inference time (seconds) per sample. #Token: number of
tokens generated per sample.

Model Variant MATH Science MultiHopQA
AUROC AUPRC F1 A AUROC AUPRC F1 A AUROC AUPRC Fl1 A
Full RFS-Guard ‘ 0.6370  0.6215  0.6666 - ‘ 0.6738  0.6222  0.6670 - ‘ 0.6096  0.5996  0.6638 -

w/ LastToken 0.6187  0.6069 0.6537 -2.4% | 0.6443  0.6268 0.6666 -1.2% | 0.5939  0.5977 0.6618 -1.1%
w/ Embedding | 0.5896  0.5604 0.5752 -10.3% | 0.5961  0.5769 0.6504 -7.1% | 0.5727  0.5556 0.6460 -5.4%
RI1-7B w/ LLM 0.6265  0.6012  0.6668 -1.6% | 0.6323  0.6058 0.6484 -3.9% | 0.5728  0.5540 0.6510 -5.2%

w/o Flow 0.6107  0.6019 0.6655 -2.5% | 0.6559  0.6235 0.6470 -1.8% | 0.5878  0.5680 0.6571 -3.3%
w/ MaxPool 0.6134 05968 0.6537 -3.2% | 0.6081  0.5546 0.6569 -7.4% | 0.6016  0.5910 0.6638 -0.9%
w/ SumPool 0.6069 05914 0.6537 -3.8% | 0.6596  0.6096 0.6417 -2.6% | 0.5987  0.5901 0.6638 -1.1%

Full RFS-Guard | 0.6115  0.6187  0.6579 - 0.5760  0.5619  0.6667 - 0.6549  0.6248 0.6624 -

w/ LastToken 0.6107  0.5906 0.6581 -1.5% | 0.5744  0.5555 0.6612 -0.7% | 0.6456  0.6125 0.6681 -0.8%
w/ Embedding | 0.5627  0.5370 0.6343 -83% | 0.5425 0.5119 0.6368 -6.4% | 0.6011  0.6003 0.6268 -5.8%
Qwen3-8B w/ LLM 0.5843 05917 0.6422 -3.7% | 0.5551  0.5220 0.6572 -4.1% | 0.6284  0.6079 0.6476 -3.0%

w/o Flow 0.5799  0.5370  0.6622 -59% | 0.5273  0.5361 0.6475 -53% | 0.6321  0.6093  0.6505 -2.6%
w/ MaxPool 0.5937  0.6072 0.6667 -1.1% | 0.5733  0.5476  0.6087 -3.9% | 0.6394  0.5918 0.6638 -2.5%
w/ SumPool 0.6009  0.6132 0.6714 -02% | 0.5775 0.5436 0.6010 -4.3% | 0.6441  0.6030 0.6652 -1.6%

Table 11: Ablation study results. A: difference compared with the full method.

19385



