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Abstract

Large reasoning models (LRMs) show strong
capabilities in complex reasoning, yet their
marginal gains on evidence-dependent factual
questions are limited. We find this limitation
is partially attributable to a reasoning–answer
hit gap, where the model identifies the cor-
rect facts during reasoning but fails to incor-
porate them into the final response, thereby
reducing factual fidelity. To address this issue,
we propose MR-ALIGN, a Meta-Reasoning
informed alignment framework that enhances
factuality without relying on external verifiers.
MR-ALIGN quantifies state transition prob-
abilities along the model’s thinking process
and constructs a transition-aware implicit re-
ward that reinforces beneficial reasoning pat-
terns while suppressing defective ones at the
atomic thinking segments. This reshapes token-
level signals into probability-aware segment
scores, encouraging coherent reasoning trajec-
tories that are more conducive to factual correct-
ness. Empirical evaluations across four factual
QA and one long-form factuality benchmarks
show that MR-ALIGN consistently improves
accuracy and truthfulness while reducing mis-
leading reasoning. These results highlight that
aligning the reasoning process itself, rather than
merely the outputs, is pivotal for advancing fac-
tuality in LRMs. Code are released at https:
//github.com/gudehhh666/MR-ALIGN.

1 Introduction

Recently, with the emergence of long Chain-of-
Thought (CoT) (Wei et al., 2022), large language
models (LLMs) have achieved substantial progress
on complex reasoning tasks (Li et al., 2025). By in-
ternalizing human-like, stepwise problem-solving
routines and leveraging test-time scaling, they now
deliver strong gains across mathematics (Snell
et al., 2025), the sciences (Wang et al., 2025c),
and code generation (Wei et al., 2024c).
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Figure 1: Illustration of Reasoning-Answer Hit Gap in
Factual QA.

Factual question answering likewise benefits
from expanded reasoning via reflection (Yan et al.,
2024); however, unlike math or coding tasks, where
multi-step decomposition is paramount, factual rea-
soning is primarily evidence-centric (Krishna et al.,
2024; Lee et al., 2025). Test-time scaling encour-
ages broad activation of internal knowledge and
exploratory chains of thought, yet models can of-
ten identify the correct answer during intermediate
reasoning while failing to surface it in the final
output (Huang et al., 2023). Figure 1 depicts the
average positional distribution of correct-answer
coverage along the reasoning trajectories. In error
cases, the GT candidate is often surfaced early but
prematurely discarded, so the answer appears in
the chain-of-thought yet is not adopted in the final
output. This reasoning-answer hit gap misleads
decoding and undermines factual faithfulness.

Contemporary thinking trajectories largely orig-
inate from “cold-start” pretraining (Guo et al.,
2025) and display an inductive bias toward highly
structured routines. Furthermore, Reinforcement
Learning (RL) based instruction tuning can further
lengthen responses (Fatemi et al., 2025); empiri-
cally, models may negate an earlier correct candi-
date after prolonged rollout, leading to inconsistent
final answers despite intermediate hits. These be-
haviors suggest that improving factuality requires
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aligning how models reason, not merely what they
predict (Wang et al., 2024).

We introduce MR-ALIGN, a meta-reasoning
informed alignment framework that models transi-
tions among cognitively motivated meta-reasoning
states and performs fine-grained preference align-
ment over these transitions. In contrast to verifier-
based reinforcement learning or distillation from
high-quality trajectories (Lin et al., 2024; Huang
and Chen, 2024), MR-ALIGN operates solely on
meta-reasoning segment annotations. Despite this
lightweight supervision and without external re-
trieval, MR-ALIGN improves both short-form fac-
tual QA and long-form factuality, while revealing
systematic shortcomings in native think-traces. As
illustrated in Figure 2, the method promotes self-
consistent reasoning pathways that culminate in
correct final responses, thereby reducing mislead-
ing.

Our main contributions are as follows:

• We develop a cognitive–grounded meta-
reasoning annotation pipeline that systemati-
cally identifies and categorizes the principal
strategies engaged during an LLM’s problem-
solving process.

• We introduce MR-ALIGN, a novel fine-
grained preference alignment method that inte-
grates meta-reasoning transition probabilities
into the optimization objective. Our approach
requires neither external retrieval nor verifier
signals, yet effectively guides models toward
more factual reasoning patterns.

• Through extensive experiments, MR-ALIGN
demonstrates consistent improvements in fac-
tual accuracy and significant reduction in rea-
soning–answer discrepancies, with transition
visualizations further revealing the underly-
ing mechanistic shifts that drive factuality im-
provements.

2 Related Works

Reasoning Models Large reasoning models
(LRMs) are designed for multi-step reasoning and
complex problem solving (Deng et al., 2025b;
Wang et al., 2025a), but their extended reasoning
traces make them prone to compounding errors
and “confident hallucinations” (Yao et al., 2025).
Recent analyses (Sun et al., 2025; Wang et al.,
2025b; Xu et al., 2025) reveal that such errors often

What phenomenon is primarily the
result of plate tectonic motions ?
Reasoning

Reject 
'earthquakes'Answer:  Tides

Reasoning

Answer:  Earthquakes

MR-Align with meta-reasoning transition

Figure 2: MR-ALIGN adjusts reasoning transition for
faithful response.

emerge within reasoning chains rather than final
outputs. To improve reliability, structural control
and supervision methods have been explored: rea-
soning selection and pruning (Li et al., 2025; Xu
et al., 2025), atomic-level supervision (Zhang et al.,
2025), and enhanced retrieval or memory mecha-
nisms (Houliston et al., 2025; Chen et al., 2024;
Zhu et al., 2026). Together, these studies suggest
that alignment should target not only model outputs
but also intermediate reasoning transitions.

Factuality Alignment Factuality alignment aims
to reduce hallucinations and improve truthful-
ness (Lin et al., 2024). Short-term factual-
ity alignment targets tasks with concise, well-
defined outputs. EV2R (Akhtar et al., 2024)
and +VERIREL (Deng et al., 2025a) build evidence-
retrieval frameworks for fact-checking, and ALIGN-
RAG (Wei et al., 2025) adds a critic model to itera-
tively align the reasoning process. INFACT (Cohen
et al., 2025) uses preference tuning over a hierar-
chy of factual completeness to elicit more infor-
mative answers. FSPO (Li and Ng, 2025) adds
factuality rewards via factuality-aware policy op-
timization, while KNOWRL (Ren et al., 2025) in-
corporates knowledge-graph verification into RL.
UALIGN (Xue et al., 2024) uses uncertainty esti-
mation to detect and correct potential factual errors.
Long-form factuality alignment concerns open-
ended generation with multi-sentence explanations.
LONGFACT (Wei et al., 2024b) provides a bench-
mark and analysis framework for long-form fac-
tuality; MASK-DPO (Gu et al., 2025) proposes a
fine-grained factuality objective for long-form gen-
eration; FACTALIGN (Huang and Chen, 2024) per-
forms sentence-level alignment with fine-grained
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factual rewards; and Chen et al. (2025) use online
RL with multi-faceted factuality rewards. How-
ever, these methods largely rely on post-hoc cor-
rection or external verification instead of directly
improving the underlying reasoning. This moti-
vates our approach: integrating meta-reasoning to
enhance the factual integrity of the reasoning dy-
namics themselves.

3 Method

3.1 Data Preparation

3.1.1 Training Data Candidates Generation
To construct fine-grained meta-reasoning supervi-
sion, we curate a training corpus from the NQ-
OPEN (Lee et al., 2019) and SCIQ (Welbl et al.,
2017) training splits. For each question q, we con-
sider two decoding mods of the same base model:
THINKON and THINKOFF. Here we select Qwen3-
8B (Team, 2025) with the enable_thinking op-
tions to control the decoding mods.

We use the Exact Match (EM) indicator to
judge the correctness of the sampling process and
record binary indicators zon(q), zoff(q) ∈ {0, 1} to
record the correctness of each sample in THINKON

and THINKOFF mods. We label as positive sam-
ples those with (zon(q), zoff(q)) = (1, 0) under
THINKON, indicating that enabling reasoning helps
recover the correct answer; we label as negative
samples those with (zon(q), zoff(q)) = (0, 1), indi-
cating that the produced reasoning is defective and
degrades accuracy. To mitigate sampling stochas-
ticity while maintaining coverage, we draw N = 3
independent samples using temperature T = 0.2
with top_p = 0.9. We collect the intersection of
positive and negative samples obtained across all
N draws. Owing to redundancy in NQ-OPEN, we
then deduplicate the retained samples.

Finally, we apply a length filter to the reason-
ing trajectory: we split thoughts by the delimiter
\n\n and keep samples whose segment count lies
in (4, 15) and whose total reasoning tokens lie in
(450, 1000). Table 1 shows the statistics of the can-
didate set of training data, and 6973 candidates
were screened out.

Dataset Positive Negative Total

NQ-OPEN 4070 1785 5855
SCIQ 760 358 1118
TOTAL 4830 2143 6973

Table 1: Statistics of Training Data Candidates.

3.1.2 Meta-reasoning Labels Annotation

Inspired by cognitive-science (Holyoak and Lu,
2021; Fleming, 2024) accounts of human problem-
solving, we categorize the meta-reasoning patterns
exhibited by LLMs during inference. To transform
open-vocabulary descriptors into a fixed, closed-
set taxonomy, we adopt a two-stage coarse-to-fine
annotation strategy.

Coarse annotation. First, we get open-
vocabulary annotations by the advanced model
GPT-5. We randomly sample 2,000 training
instances and elicit free-form, segment-level
meta-reasoning labels using GPT-5 with prompt
templates adapted from prior work (Chen et al.,
2025; Li et al., 2025), resulting in 2713 distinct
labels.(The detailed prompts are presented in the
Appendix F) Inspired by RAG-Critic (Dong et al.,
2025), the resulting open tags are semantically clus-
tered with GPT-5 to produce a closed taxonomy of
15 labels aligned with cognitive operations, yield-
ing a meta-reasoning label set C. We group the final
set of 15 meta-reasoning labels into four macro-
strategies that capture complementary control,
problem-solving, knowledge, and communication
functions. They are distributed among the four
metacognitive macro labels Meta-cognitive Reg-
ulation (framing, backtracking, self-verification,
evaluation), Problem-Solving Operations (de-
composition, chaining), Knowledge Operations
(causal-reasoning, retrieval, analogy, synthesis,
comparison, categorization, case-analysis) and
Explanatory & Communication (explanation,
summarization). Specific meta-reasoning labels is
explained in Appendix B.6.

Fine-grained Annotation. We employ two inde-
pendent annotators DEEPSEEK-CHAT and GPT-4O

and GPT-5 as the adjudicator, forming an auto-
mated annotation pipeline. For each segment st,
two annotators (GPT-4O, DEEPSEEK-CHAT) each
propose up to two labels, with a confidence score
in [0, 10] for every proposed label. We aggregate
as follows: (i) Consistent cases: if both annotators
return the same label set, we accept that set and
take GPT-4O’s confidences as final. (ii) Partial-
overlap consolidation: when the sets differ, we
keep the common labels. If fewer than two labels
remain, we supplement them with labels proposed
by only one annotator, ordered by the higher of the
two available confidences, and include any whose
higher confidence exceeds 7 until two labels are
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Figure 3: Overview of MR-ALIGN Data Prepration Process.

obtained or candidates are exhausted. For each re-
tained label, the final confidence is the higher of
the two annotators’ scores. (iii) Escalation: If af-
ter consolidation fewer than two labels remain, the
segment is sent to the adjudicator (GPT-5), which
returns the final labels and confidences. This rule
enforces basic agreement and confidence thresh-
olds while preserving coverage and clarity.

In Appendix B, we provide a systematic de-
scription and analysis of the annotation agreement
for our annotation process. While our annotation
pipeline reaches κ = 0.7855 under entailment set-
tings.

3.2 Alignment with Atomic Reasoning
Transition

3.2.1 Kahneman-Tversky Optimization

Preference alignment aims to align model re-
sponses with human preference, ensuring that out-
puts conform to human expectations, which is
widely used for factuality alignment (Lin et al.,
2024; Huang and Chen, 2024). Unlike Direct
Preference Optimization (DPO) (Rafailov et al.,
2023), which relies on pairwise preferences over
triplets (x, y+, y−), Kahneman-Tversky Optimiza-
tion (KTO) (Ethayarajh et al., 2024) adopts single-
sample binary labels and, drawing on prospect the-
ory, introduces Human-Aware Losses (HALOs)
that evaluate gains or losses of a response relative
to a baseline and decouple the treatment of chosen
and rejected samples.

Concretely, let πθ be the current policy and πref a
fixed reference policy. For a datasetD = D+∪D−

of prompt–response pairs (x, y) with correspond-
ing labels "chosen" or "rejected", define the implicit
reward

rθ(x, y) ≜ log
πθ(y | x)
πref(y | x)

, (1)

and the global baseline

z0 ≜ E(x′,y′)∼D
[
KL
(
πθ(· | x′) ∥πref(· | x′)

)]
,

(2)
estimated in practice by a moving average. With
inverse-temperature β > 0, logistic σ(z) = 1/(1 +
e−z), and positive weights λc, λr, set

v(x, y) =




λc σ
(
β (rθ(x, y)− z0)

)
, if D+,

λr σ
(
β (z0 − rθ(x, y))

)
, if D−,

(3)
and let λy > 0 to ensure the loss is non-negative,
the KTO loss is

LKTO =
1

|D|
∑

(x,y)∈D

(
λy − v(x, y)

)
. (4)

This decoupled handling of positive and negative
labels for KTO is robust to label imbalance and
consistent with human-aware calibration.

3.2.2 Atomic Reasoning Process Modeling
The thinking processes always start with <think>
and end with </think>, which demostrate the en-
tire thinking process.

We partition atomic reasoning into N states
(we set N = 15 in Section 3.1) and denote the
state set by C ≜ {c1, . . . , cN}. Augmenting with
boundary states yields the overall state space C∗ ≜
{<start>} ∪ C ∪ {<stop>}. Let P ∈ [0, 1]|C

∗|×|C∗|

be the row-stochastic transition matrix with en-
tries Pi,j ≡ Pr(st+1 = j | st = i). The ter-
minal state <stop> is absorbing P<stop>,<stop> =
1 and P<stop>,j = 0 for all j ∈ C.

For a single reasoning trajectory, the fine-grained
annotated observations are Y1:T ≜ (y1, . . . , yT ),
where T is the number of annotated segments.
Each segment label is set-valued, satisfying yi ⊆ C
and |yi| ∈ {1, 2}. The case |yi| = 1 indicates that
a single atomic meta-reasoning strategy is active in
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the segment, while |yi| = 2 denotes a composite
segment in which two strategies co-occur. We treat
yi as an unordered set encoding label uncertainty
rather than a weighted mixture at this stage.

The minimal modeling unit of a reasoning trajec-
tory is a transition between two set-valued labels,
yi → yj . To capture the compositionality of atomic
strategies while keeping the model identifiable, we
introduce a discrete latent edge indicating which
single base-level transition underlies the set-to-set
move:

ε ≜ {(a, b) : a ∈ yi, b ∈ yj} ⊆ C∗ × C∗ (5)

Intuitively, each observed pair yi → yj is assumed
to arise from exactly one base transition a → b
with the corresponding hidden states, which is un-
observed. We summarize the unknown composi-
tion within a set y by a within-set mixing measure

ρy : y → [0, 1],
∑

u∈y
ρy(u) = 1 (6)

which encodes how mass within y is apportioned
among its elements when forming a single underly-
ing edge. Here we choose the uniform distribution
to demonstrate, as ρy(u) = 1/|y|.

The pairwise transition probability induced by a
row-stochastic P is

Pr(yj |yi, P ) =
∑

(a,b)∈ε(yi,yj)

ρyi(a)P (a, b)ρyj (b) (7)

Given a corpus of samples D =

{(y(m)
i , y

(m)
j )}Mm=1, the observed-data log-

likelihood for P is the sum of the pairwise
contributions:

L(P ) =
M∑

m=1

log

( ∑

(a,b)∈Em

ρ
y
(m)
i

(a)Pabρy(m)
j

(b)

)
, (8)

where Em ≡ E
(
y
(m)
i , y

(m)
j

)
. Equations (8) provide

a self-contained likelihood principle for estimat-
ing the meta-reasoning transition matrix P . For
maximum-likelihood estimation in the presence of
the latent variable ε, we estimate P using the Ex-
pectation–Maximization (EM) algorithm (Demp-
ster et al., 1977); the pseudocode is provided in
Appendix E.

3.2.3 Alignment with meta-reasoning
transitions

As HALOs can be formalized as an implicit re-
ward rθ that measures, along a generated trajec-
tory, the difference between the current policy πθ

and a fixed reference policy πref. To incorporate
the segmental coherence of the reasoning process,
we reweight token-level contributions by a factor
that reflects changes in the meta-reasoning state-
transition dynamics. For a reasoning sequence y1:τ
with a final answer ya, the atomic-level implicit
reward can be described as

r̂θ =
τ∑

t=1

wt log
πθ(yt | x, y<t)

πref(yt | x, y<t)

+ log
πθ(ya | x, yτ )
πref(ya | x, yτ )

.

(9)

Here, wt encodes how the local state-transition
probability at step t deviates from the global tran-
sition pattern. P+/− denote the meta-reasoning
transition matrix estimated from the positive (+) or
negative (−) subset, and let P denote the transition
matrix estimated from the union of all samples. We
set

wt = clip

(
Pr(yt | yt−1, P

+/−)
Pr(yt | yt−1, P )

,m,M

)
, (10)

where clip bounds the weight to mitigate small-
sample artifacts.

The MR-ALIGN loss is defined as

LMR =
1

|D|
∑

(x,y)∈D

(
λy − v′(x, y)

)
, (11)

where v′(x, y) generates fine-grained implicit re-
wards by quantifying the change in meta-reasoning
transition probabilities:

v′(x, y) =




λc σ
(
β
(
r̂θ − z0

))
, if (x, y) ∈ D+,

λr σ
(
β
(
z0 − r̂θ

))
, if (x, y) ∈ D−.

(12)
Intuitively, using the global transition matrix as

an anchor increases the contribution of segments
whose local transitions strongly diverge from the
global pattern, while reducing the contribution
of near-global transitions. This reshapes a uni-
form token-level signal into a probability-aware,
transition-modulated reward over atomic reasoning
segments.

4 Experiments

4.1 Experiments Setup
Dataset We evaluate our method on both fac-
tual QA and long-form factuality datasets. For
factual QA, we use NQ-OPEN (Lee et al., 2019),
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Model NQ-Open SciQ SimpleQA TruthfulQA LongFact
Acc ↑ Mis ↓ Acc ↑ Mis ↓ Acc ↑ Mis ↓ Truth↑ Info↑ F1@K ↑ #Claims

Qwen3-8B
vanilla w/o Thinking 22.66 - 55.60 - 4.10 - 62.62 76.38 80.89 19
vanilla w Thinking 34.10 9.89 67.10 14.10 4.51 5.24 80.91 81.27 81.13 16
Self-Refine 35.26 9.36 65.10 17.80 3.63 6.26 81.64 91.80 83.93 16
SFT 34.43 8.63 68.20 13.40 4.35 4.04 82.25 94.12 84.95 13
KTO 35.48 8.69 69.30 12.60 4.69 5.20 82.37 94.61 80.72 15
MR-ALIGN 37.34 7.20 70.70 11.70 5.11 4.46 83.11 94.12 83.29 19
Ret 62.80 8.44 75.30 9.00 66.44 8.39 80.78 91.68 89.12 13
MR-ALIGN+ Ret 64.18 7.34 77.10 8.10 67.11 7.48 81.76 93.27 90.14 13

Qwen3-4B
vanilla w/o Thinking 27.78 - 67.80 - 3.93 - 68.05 88.13 80.77 19
vanilla w Thinking 29.92 6.62 68.40 11.5 4.07 3.86 69.52 88.13 80.07 19
Self-Refine 29.72 7.60 65.60 16.00 3.54 5.17 72.09 92.04 78.92 14
SFT 28.45 6.45 65.80 13.10 3.93 3.56 70.13 88.62 80.85 18
KTO 29.20 6.04 66.50 12.90 3.70 3.63 68.30 89.84 80.94 19
MR-ALIGN 31.00 6.01 71.00 9.70 4.05 3.86 68.79 93.39 81.36 20
Ret 63.49 7.78 74.40 10.3 66.76 7.99 71.60 89.11 89.68 13
MR-ALIGN+ Ret 65.18 6.81 76.20 8.90 68.08 6.98 72.58 92.41 90.77 13

DeepSeek-R1-Distill-Qwen-7B
vanilla w Thinking 2.85 18.59 13.60 52.40 0.96 4.28 30.97 50.92 54.90 5
Self-Refine 1.19 12.13 3.60 44.30 1.06 1.84 24.85 49.71 - -
SFT 10.94 10.38 36.10 31.40 2.21 3.22 34.03 64.99 62.11 16
KTO 8.45 13.07 28.50 40.30 1.85 4.12 35.74 73.19 61.96 16
MR-ALIGN 12.80 8.84 39.60 25.5 2.77 2.95 36.59 73.44 64.28 15
Ret 56.34 11.74 70.60 12.00 58.90 10.42 48.59 72.58 83.97 13
MR-ALIGN+Ret 57.42 11.25 72.00 9.90 59.29 9.68 50.55 81.27 85.53 12

Table 2: Main result on 5 datasets with 3 different backbones. Ret represents using a retriever to conduct Open
Search. Bold indicates the best performance among non-retrieval methods, while underlined numbers denote the
best among retrieval-augmented variants

SCIQ (Welbl et al., 2017), SIMPLEQA (Wei et al.,
2024a), and TRUTHFULQA (Lin et al., 2022). For
long-form factuality, we choose LONGFACT (Wei
et al., 2024b) as the test set.

Metrics For NQ-OPEN, SCIQ, and SIMPLEQA,
the ground truths are short spans; we therefore
report Accuracy (Acc) and Misleading (Mis). Cor-
rectness is determined via exact match (EM) be-
tween the prediction and the gold. Acc measures
overall task performance, while Mis quantifies the
model’s reasoning -asnwer hit gap. For TRUTH-
FULQA, we follow the Generation setting and em-
ploy an LLM-as-Judge by GPT-4O to assess both
truthfulness and helpfulness. For LONGFACT, on
account of the high budget for automatic evalua-
tions, we evaluate on the 250 test examples reported
in the original paper by VERISCORE (Song et al.,
2024), and report F1@K where K is the medium
of claims together with the average number of
claims per response (#Claims). Detailed metric
definitions are provided in the Appendix A.2.

Model and Baselines We consider widely used
large reasoning models: QWEN3-8B, QWEN3-
4B (Team, 2025), and DEEPSEEK-R1-DISTILL-
QWEN-7B (Guo et al., 2025). In the main ex-
periments, we report the performance of the base
models under THINKON, THINKOFF, using Self-
Refine (Madaan et al., 2023) to iterate the reason-
ing process, and compare against models fine-tuned
with supervised learning (SFT) and with KTO on
the same training data. We additionally evaluate the
baseline model and MR-ALIGN under an open
search setting. The search uses the Serper API 1

to return the top 5 snippets most relevant to the
question as reference corpora.

Implementation Details To facilitate the com-
parative experiments, we implemented modular
support for MR-ALIGN training and loading of
fine-grained data based on LLaMA-Factory (Zheng
et al., 2024). The hyperparameters in Equation 10
is M = e and m = 1

e . During training, all

1https://serper.dev/
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Training Data EM Label NQ-Open SciQ SimpleQA
NQ-Open SciQ Estimation Diver. Acc ↑ Mis ↓ Acc ↑ Mis ↓ Acc ↑ Mis ↓

✓ ✗ ✓ ✓ 34.93 9.58 70.10 13.40 4.42 5.33
✗ ✓ ✓ ✓ 33.39 11.10 67.90 15.50 4.65 5.10
✓ ✓ ✗ ✓ 35.82 8.86 69.60 12.90 5.39 4.76
✓ ✓ ✓ ✗ 35.26 9.47 69.50 12.90 4.79 4.97
✓ ✓ ✓ ✓ 37.34 7.20 70.70 11.70 5.11 4.46

Table 3: Ablation studies with different training data and transition estimation. EM Estimation means using the
Expectation Maximization algorithm to estimate the meta-reasoning transition matrix P . Label Diver. means
modeling transition by the default 1-2 meta-reasoning labels.

LLMs are optimized with LoRA (rank r = 32) (Hu
et al., 2022) using the Adam optimizer in minibatch
mode. At inference time, all models adopt the de-
fault decoding parameters of QWEN3-8B, unless
otherwise specified. Complete training and infer-
ence hyperparameters are listed in the Appendix D.
It is worth noting that due to the imbalance of posi-
tive and negative samples in the training samples,
we set λr = 1.5 in the main experiment.

4.2 Main Result

Table 2 shows the main result on 5 different
datasets.

Without any external retrieval, MR-ALIGN
systematically improves factual QA accuracy and
markedly reduces the reasoning–answer hit gap
with lower misleading, yielding more reliable rea-
soning that is consistent with the final response.
The effect is most stable on the in-domain con-
struction datasets NQ-Open and SciQ and gen-
eralizes effectively to out-of-domain and robust-
ness evaluations like TruthfulQA and LongFact.
Across models, the gains are larger when instruc-
tion following is weaker, as DeepSeek-R1-Distill-
Qwen-7B, while the Qwen family also exhibits
steady improvements. On SimpleQA, the gains are
more modest. This also reflects that most of Sim-
pleQA’s questions are outside the model’s knowl-
edge system. With the addition of a retriever, MR-
ALIGN can still achieve significant improvements
over the original model, which also proves that the
model can successfully generalize the learned meta-
reasoning and balance accuracy with interpretable
reasoning consistency.

4.3 Ablation Study

Ablation of reject ratio λd As shown in Table 5,
the positive and negative subsets are markedly im-
balanced. To temper loss aversion induced by this

imbalance, KTO recommends maintaining the ra-
tio λc|D+|

λd|D−| ∈ [1, 3/2]. Accordingly, we fix λc = 1

and tune λd ∈ [1.50, 2.25]. Table 5 reports MR-
ALIGN performance under varying reject ratios;
once λd > 1.5, performance drops rapidly. Com-
pared to the typically milder trend observed for
vanilla KTO, the suppression effect of negative
samples is more pronounced in the meta-reasoning
setting, as reflected in the meta-reasoning transition
distributions in Figure 7.

λd
NQ-Open SciQ SimpleQA

Acc ↑ Mis ↓ Acc ↑ Mis ↓ Acc ↑ Mis ↓
1.0 36.26 8.47 69.60 13.10 4.83 4.96
1.2 36.51 7.78 70.40 12.70 4.85 4.92
1.5 37.34 7.20 70.70 11.70 5.11 4.46
2.0 31.69 13.15 67.40 15.50 4.72 5.73
2.2 32.02 13.91 68.10 15.60 4.83 5.50
2.5 32.08 13.24 67.10 16.10 4.99 5.20

Table 4: Ablation Studies with λd on Qwen3-8B back-
bone.

Ablation on Data Diversity. Table 3 shows that
multi-source training (NQ-OPEN+SCIQ) consis-
tently delivers the strongest overall results, improv-
ing accuracy while reducing mismatch on both
in-domain benchmarks compared to single-source
training. The advantage is most pronounced on
SIMPLEQA, where joint training achieves the low-
est mismatch and higher accuracy, indicating better
coverage and transfer. In contrast, SCIQ-only train-
ing provides limited gains, likely due to its smaller
scale and narrower distribution.

Ablation on Transition Estimation. As shown
in Table 3, with training data fixed, EM-based esti-
mation of the transition matrix P improves factual
adherence relative to the frequency-weighted base-
line, yielding higher accuracy and lower mismatch
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Figure 4: Meta-reasoning transition deltas for Qwen3-
8B before vs. after MR-ALIGN.Positive values indi-
cate transitions strengthened by MR-ALIGN; negative
values indicate transitions favored by the Vallina. The
top-10 MR-ALIGN favored transitions are emphasized
with thick solid edges, and the top-10 Vallina favored
transitions with thick dashed edges.

on NQ-OPEN and SCIQ. On SIMPLEQA, EM con-
sistently reduces mismatch despite mild variance
in accuracy. Disabling label-divergence modeling
degrades performance across datasets, suggesting
that allowing 1–2 labels per step provides a more
informative signal for estimating P .

4.4 Futher Analysis
Changes in meta-reasoning preference Fig-
ure 4 contrasts the meta-reasoning transition dy-
namics of Qwen3-8B on 977 sampled NQ-OPEN

instances before and after alignment. We report the
element-wise difference ∆ = PMR-ALIGN−Pvanilla.
Prior to alignment, transition mass concentrates on
evaluative and other metacognitive-regulation steps,
indicating early judgment and limited evidence
acquisition. After MR-ALIGN, the largest posi-
tive shifts appear in evidence-seeking and quality-
control flows and in synthesis-driven closure. In
parallel, the reasoning chains become shorter, yield-
ing a more concise and targeted process.

Effect analysis of MR-ALIGN. To probe how
MR-ALIGN takes effect, we further stratify
the factual QA test sets by whether the base
model’s thinking and answer are mutually con-
sistent, yielding three subsets: BOTH CORRECT,
BOTH WRONG, and INCONSIST. As shown in
Figure 5, MR-ALIGN delivers its largest gains on
INCONSIST examples, with Qwen3-8B and Qwen3-
4B improving by more than 10% on both NQ-
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Figure 5: Effect analysis of MR-ALIGN in Qwen3-8B
and Qwen3-14B.

OPEN and SCIQ, suggesting that the method pri-
marily mitigates inconsistency rather than boost-
ing already-consistent cases. In contrast, perfor-
mance on BOTH WRONG changes little after apply-
ing MR-ALIGN, consistent with these instances
falling outside the model’s knowledge coverage.
Overall, the results indicate that MR-ALIGN
does not expand the model’s intrinsic knowledge
boundary; instead, it improves compliance on near-
boundary questions by optimizing reasoning strate-
gies and reducing reasoning–answer discrepancies.

Method
NQ-Open SciQ SimpleQA

Acc ↑ Mis ↓ Acc ↑ Mis ↓ Acc ↑ Mis ↓
Llama-3.1-Nemotron-Nano-4B-v1.1

Base 13.99 9.47 52.40 25.90 1.76 4.53
SFT 14.09 8.56 53.00 22.90 2.43 3.51
KTO 13.52 9.72 53.60 21.30 2.57 2.73
MR-ALIGN 14.96 7.48 54.40 20.40 2.43 4.09

Qwen3-14B
Base 39.81 8.84 70.60 11.50 6.10 4.55
SFT 35.82 9.28 68.50 13.00 4.58 4.67
KTO 37.40 8.75 68.80 12.40 5.57 4.65
MR-ALIGN 39.70 8.39 70.40 11.30 5.83 4.25

Table 5: Performance of MR-ALIGN on Llama-3.1-
Nemotron-Nano-4B-v1.1 and Qwen3-14B.

Robustness under different backbones. Across
all three benchmarks, MR-ALIGN consistently
improves accuracy while reducing misinformation
relative to other methods, suggesting that its gains
are not tied to a specific post-training recipe. The
same trend on Llama-3.1-Nemotron-Nano-4B-v1.1
further supports its robustness across backbones.
On Qwen3-14B, the gains are smaller, likely be-
cause the stronger backbone already operates closer
to a higher-performance regime with less room for
improvement. In contrast, SFT and KTO are less
stable across benchmarks and may trade off ac-
curacy against misinformation depending on the
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dataset, indicating greater sensitivity to supervi-
sion quality and distribution. Overall, these results
suggest that MR-ALIGN more effectively con-
trols noisy updates and delivers more reliable gains
across settings.

5 Conclusion

This work investigates the reasoning–answer hit
gap of LRMs in factual QA and long-form factu-
ality from a cognitive perspective, revealing the
limitations of prevailing reasoning paradigms for
factual adherence. We propose MR-ALIGN, a
meta-reasoning–informed factual alignment frame-
work that learns transition probabilities from pos-
itive samples and leverages a transition-aware ad-
vantage to encourage more faithful responses. We
hope this perspective motivates broader research on
principled and process-level alignment for LRMs
in factual domains.

Limitations

This work still has the following limitations, which
need to be explored and solved in the future:

Annotation Bias Driven by Large Language
Models Our meta-reasoning annotations are gen-
erated through a process based on large language
models. Although the annotation model we cur-
rently use exhibits controllable consistency, we
do not yet know whether other models would in-
troduce biases in this type of annotation process,
which is a systemic limitation of LLM-As-Judge.

Task and Model Scalability Due to limitations
in computational resources, we have not yet ex-
tended our method to models larger than 14B or
MoE models for experimental verification. The
characteristics of these larger models in this con-
text remain unknown.

Ethical Considerations

The datasets NQ-OPEN (Kwiatkowski et al.,
2019) and SCIQ (Welbl et al., 2017) and models
(QWEN-3 series (Team, 2025) and DEEPSEEK-R1-
DISTILL-QWEN-7B (Guo et al., 2025)) employed
in this study are all open-source, thereby incurring
no risks associated with licensing. Furthermore, as
our research is centered on the mathematical do-
main, it does not entail risks pertaining to human
ethics and values.
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A Datasets and Metrics

A.1 Dataset Details

NQ-Open An open-domain QA benchmark de-
rived from Natural Questions that retains only
questions with non-null short answers (maximum
five tokens) and provides no passages, comprising
79,168 training, 8,757 development, and 3,610 test
questions, used to assess short-answer generation
grounded in English Wikipedia.

SciQ A multiple-choice science QA dataset
of 13,679 crowdsourced questions (four options
per item) spanning physics, chemistry, biology,
and related topics—many with supporting para-
graphs—used for both evaluation and supervised
training of factual reasoning.

SimpleQA A short-form factuality benchmark
of 4,326 fact-seeking questions designed for un-
ambiguous, easily gradable single-ground-truth an-
swers, targeting precise measurement of models’
short-answer factual correctness.

TruthfulQA A benchmark of 817 questions
across 38 categories that evaluates whether mod-
els avoid imitative falsehoods in both generative
and multiple-choice settings, thereby measuring
truthfulness rather than plausibility alone.

LongFact A long-form factuality benchmark
with 2,280 fact-seeking prompts that score multi-
sentence generations at the claim level using the
Search-Augmented Factuality Evaluator (SAFE)
and the F1@K metric, enabling fine-grained as-
sessment of factual support in extended outputs.

A.2 Metrics Details

Exact Match We evaluate Exact Match (EM)
by checking whether a reference field appears in
the target string. Unlike non-reasoning models,
for a reasoning-enabled model whose response is
y = {yt, ya}, where yt denotes the model’s thought
process and ya denotes its final answer—we refine
EM on a per-example basis with a gold answer
ygold as follows:

EMt = I
[
ygold ⊆ yt

]
,

EMa = I
[
ygold = ya

]
,

EMboth = I[EMt = 1 ∧ EMa = 1] ,

where “⊆” denotes substring containment and I[·]
is the indicator function.

Accuracy and Misleading We evaluate perfor-
mance on factual–QA benchmarks (NQ-OPEN,
SCIQ, SIMPLEQA) using Accuracy (ACC) and
Misleading (MIS). ACC directly reflects answer
correctness and is defined as

Acc =
1

N

N∑

i=1

I
(
EM

(i)
both = 1

)
,

while MIS quantifies misleading reasoning by
counting cases where the gold answer appears in
exactly one of the two outputs—the thought trace
or the final answer:

Mis =
1

N

N∑

i=1

I
(
EM

(i)
t ⊕ EM (i)

a

)
.

Here, N is the number of evaluation instances; I[·]
denotes the indicator function; ⊕ is exclusive–or.

Truthfulness and Informativeness We evaluate
TruthfulQA in the generation setting with a sin-
gle automatic judge: GPT-4o (temperature 0, fixed
rubric). For each question xi, the system outputs
ŷi, and the judge deterministically returns binary
labels (ti, ui) ∈ {0, 1}2:

(ti, ui)← JGPT-4o(xi, ŷi).

Truthfulness: set ti=1 iff all verifiable factual
claims in ŷi are consistent with established evi-
dence and none are false or misleading; answers
containing no factual claims (e.g., “I don’t know”)
are scored ti=1. Informativeness: set ui=1 iff
ŷi directly addresses xi with non-trivial, specific,
and relevant content; refusal/evasive or off-topic
content receives ui=0. We report corpus-level av-
erages:

Truthfulness =
1

n

n∑

i=1

ti,

Informativeness =
1

n

n∑

i=1

ui.

Metrics for long-form factuality Following the
VERISCORE protocol, let M be the model and X a
domain-specific set of prompts. For x ∈ X , let r =
M(x) be the response and C(r) the (deduplicated)
set of extracted claims; define #Claims(r) =
|C(r)|. For each c ∈ C(r), retrieve top-K evidence
E@K

c and define support(c, E@K
c ) ∈ {0, 1}. Let

S(r) =
∑

c∈C(r)
support(c, E@K

c )
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be the number of supported claims. Precision and
recall are

P (r) = S(r)/|C(r)|
and

RK(r) = min
(
S(r)/K, 1

)
.

The instance score is

F1@K(r) =

{
2P (r)RK(r)
P (r)+RK(r) if S(r) > 0

0 if S(r) = 0

Here, K is the median number of extracted facts.

B Details of Meta-reasoning Annotation
Pipeline

B.1 Meta-reasoning label clustering
After annotating 2,000 samples, we derived an
open-vocabulary inventory of meta-reasoning la-
bels comprising 23,878 label instances and 2,473
distinct labels.

To obtain stable meta-reasoning labels, we em-
bed each open-vocabulary label using bge-m3 and
perform clustering with semantic-based cosine dis-
tance. To mitigate the impact of noise and sparsely
observed labels, we retain only labels with fre-
quency ≥ 5 prior to clustering. We adopt OP-
TICS (Ankerst et al., 1999) to accommodate po-
tential noise points and variable-density structure
in the label space. The resulting clusters are sum-
marized in Figure 6. The clustering achieves a
silhouette score of 0.4861, indicating reasonably
good cluster separation among labels.

Building on these clusters, we use GPT-5 to
generate stable, cluster-level canonical labels. Ta-
ble 6 presents representative open-vocabulary label
instances within each meta-reasoning cluster, to-
gether with their corresponding proportions.

Guided by core meta-reasoning concepts, we
clustered these labels into 15 categories; Table 6
reports the top four categories and their correspond-
ing proportions.

B.2 Meta-reasoning label statics in training
data

Table 7 reports the distribution of meta-reasoning
labels in the final training samples.

The labels are dominated by Knowledge Opera-
tions and Meta-cognitive Regulation, whereas Ex-
planatory & Communication and Problem-Solving
Operations occur more sparsely, yielding a clear
long-tail pattern. This structured modeling is ad-
vantageous because it separates what knowledge

Figure 6: Open vocabulary label clustering results, the
gray scatters represent noise samples.

manipulation is performed from how the model
regulates and validates its own reasoning, enabling
more interpretable supervision and more targeted
analysis of reasoning behaviors across different
stages of problem solving.

B.3 Inter-Annotation Agreement Analysis

To assess the consistency of our annotation pipeline,
we sampled 2,000 training examples from the su-
pervision data, yielding 12,294 meta-reasoning
steps. Table 8 summarizes the sample composi-
tion across datasets and polarity.

We re-annotated all meta-reasoning labels under
three settings: (1) our full pipeline (DEEPSEEK-
CHAT + GPT-4O with GPT-5 as adjudicator), (2)
GPT-4O alone, and (3) DEEPSEEK-CHAT alone.
Since semantic function labels for reasoning steps
are inherently uncertain and can reflect composite
strategies, we allow 1-2 meta-reasoning labels per
step and measure consistency under two criteria:
strict agreement (identical label sets) and entail-
ment agreement (one label set is a subset of the
other), where the latter is a natural relaxation for
this multi-label setting.

Table 10 reports strict and entailment agreement
rates, together with Cohen’s κ computed under the
two criteria. As expected for a noisy multi-label se-
mantic task, strict exact-match agreement remains
moderate. Under entailment-style agreement, how-
ever, our pipeline reaches 0.7855 agreement with
DEEPSEEK-CHAT, indicating a reasonably high
level of consistency between the committee-style
labels and a strong single-LLM annotator.

For the Macro-strategies, we observe only a

4203



Label Percent Top-4 Labels

framing 28.62% hypothesis generation problem framing
disambiguation alternative generation

retrieval 13.44% retrieval knowledge retrieval
relevance filtering retrieval planning

categorization 0.89% categorization abstraction
classification abstraction/generalization

decomposition 5.09% planning decomposition
answer planning communication planning

comparison 1.33% contrastive reasoning comparison/contrast
conceptual differentiation concept differentiation

analogy 0.33% analogical reasoning analogy
analogical mapping analogical transfer

case_analysis 1.68% example generation counterexample search
counterexample check counterexample testing

chaining 0.08% forward chaining concept linking
conceptual linking evidence grounding

causal_reasoning 2.79% causal reasoning mechanistic reasoning
mechanistic rethinking conceptual differentiatio

synthesis 2.37% synthesis answer synthesis
integration knowledge integration

explanation 20.39% justification constraint identification
metacognitive explanation self-monitoring

evaluation 9.41% decision making decision commitment
answer selection decision/commitment

self_verification 12.52% verification uncertainty monitoring
constraint checking verification planning

backtracking 0.09% error correction course correction
hypothesis revision branch reset

summarization 0.95% conclusion conclusion synthesis
conclusion articulation provisional conclusion

Table 6: Result of label clustering.
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Macro-strategies Meta-reasoning Label Count

Meta-cognitive
Regulation

framing 10629
backtracking 5023
self_verification 13186
evaluation 6433

Problem-Solving
Operations

decomposition 1639
chaining 1824

Knowledge
Operations

retrieval 20633
causal_reasoning 1702
analogy 169
synthesis 4930
comparison 4646
categorization 1471
case_analysis 1726

Explanatory
& Communication

explanation 3075
summarization 6163

Total Count 83249

Table 7: Statistics of meta-reasoning labels in training
data.

Samples NQ-OPEN SCIQ

Positive 1,167 217
Negative 514 102

Total 1,681 319

Table 8: Sample composition used for re-annotation and
consistency analysis.

marginal improvement under strict exact-match
agreement. Under entailment-style agreement,
however, the annotations produced by different
models exhibit substantially stronger consistency
with our pipeline: the agreement between our
pipeline and DEEPSEEK-CHAT is close to 0.9702,
and the pairwise consistency among the other an-
notators remains similarly high. This suggests that,
at a coarse level, different models can reliably cap-
ture shared high-level reasoning behaviors. The
weaker consistency under strict matching is likely
attributable to the annotators’ tendency to empha-
size different facets of a reasoning segment, leading
to diverse label assignments.

Entailment-based agreement is further motivated
by our downstream objective: we model transitions
between latent meta-reasoning states across steps.
From this perspective, a subset relation between
two label sets often reflects different levels of granu-
larity in describing the same latent state. Consistent
with this view, our pipeline resolves conflicts by
retaining more confident labels, aiming to preserve
a high hit rate on the underlying state even when
annotators differ on secondary labels.

Pair Strict Entail. κstrict κentail.

Annotator 1 vs Annotator 2 0.513 0.834 0.508 0.832
Annotator 1 vs Ours 0.458 0.887 0.452 0.885
Annotator 2 vs Ours 0.414 0.783 0.408 0.780

Table 9: Human IAA and human–pipeline agreement
on 775 meta-reasoning steps. Strict: exact match of
label sets. Entail.: subset-based match.

B.4 Human Annotation Agreement Statistics

We conducted a human IAA study to validate both
human–human and human–LLM consistency. We
sampled 100 training examples from the original
supervision data: for each of the four subsets (NQ-
OPEN positive, NQ-OPEN negative, SCIQ positive,
SCIQ negative), we randomly selected 25 exam-
ples, yielding a total of 775 meta-reasoning steps.
Two human annotators independently labeled each
step with 1–2 meta-reasoning strategies using our
15-label taxonomy. We report both strict agree-
ment (exact match of label sets) and entailment
agreement (one label set is a subset of the other),
together with Cohen’s κ under both criteria.

Both annotators are PhD students in computer
science disciplines. Annotator 1 is a PhD student in
Artificial Intelligence (computer vision) and com-
pleted the task in∼9 hours of non-contiguous work.
Annotator 2 is a PhD student in Applied Computer
Science (robotic manipulation) and completed the
task in ∼12 hours of non-contiguous work.

Human–human agreement is moderate under
strict matching (Strict= 0.513, κstrict = 0.508)
and high under entailment (Entail.= 0.834,
κentail. = 0.832), which is expected for a multi-
label, function-level reasoning taxonomy. Human–
pipeline agreement is comparable under strict
matching and similar or higher under entailment,
particularly for Annotator 1, who tended to as-
sign a single dominant label per step and there-
fore aligns closely with our confidence-based la-
bel selection. Overall, the combination of sub-
stantial human–human and human–pipeline agree-
ment, together with small (∼1–2%) deviations be-
tween induced transition matrices, suggests that
the meta-reasoning labels are sufficiently reliable
for estimating transition patterns and training MR-
ALIGN, and that residual noise is bounded and
well-controlled.

B.5 Influence of Annotation Agreement

Since meta-reasoning labels are used to estimate
state transition matrices, rather than being directly
optimized as supervised targets, we also quantify
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Pair Strict Entail. Strictmac Entailmac κstrict κentail. κstrictmac κentail.mac

Ours vs DEEPSEEK-CHAT 0.3630 0.7855 0.4836 0.9782 0.3611 0.7849 0.2943 0.9702
Ours vs GPT-4O 0.4043 0.6205 0.4213 0.9682 0.4025 0.6194 0.2778 0.9604
DEEPSEEK-CHAT vs GPT-4O 0.2846 0.5380 0.4926 0.9217 0.2824 0.5366 0.3213 0.8953

Table 10: Step-level agreement. mac indicates four macro categories.

Pair Mean ℓ1 diff.

Ours vs DEEPSEEK-CHAT 1.03%
Ours vs GPT-4O 1.09%
DEEPSEEK-CHAT vs GPT-4O 1.32%

Table 11: Mean ℓ1 differences between transition matri-
ces estimated from different annotation settings.

how annotation differences affect the estimated
transition probabilities.

We independently estimate transition matrices
under each setting, and measure the mean ℓ1 differ-
ence between two matrices as:

mean_L1(P̂(a), P̂(b)) =

1

K2

K∑

i=1

K∑

j=1

∣∣∣P̂ (a)
ij − P̂

(b)
ij

∣∣∣ ,
(13)

where K is the number of meta-reasoning states.
Viewed from the perspective of global meta-

reasoning dynamics, the pairwise differences be-
tween transition matrices are concentrated around
1–2%, suggesting that non-agreement at the step
level is substantially attenuated once aggregated
into transition statistics.

Conceptually, meta-reasoning labels can be
viewed as noisy, observed proxies of underlying
latent reasoning states. Let P⋆ ∈ [0, 1]K×K denote
the true transition matrix over K meta-reasoning
states, and let P̂ be the empirical estimate obtained
from annotated labels. We model the estimation er-
ror induced by label noise and finite-sample effects
as an additive perturbation:

P̂ = P⋆ + δ, ∥δ∥1 ≤ ε, (14)

where δ ∈ RK×K aggregates the distortion in
the estimated transition matrix, and ε character-
izes its empirical magnitude. In our data, the dis-
crepancy between transition matrices is typically
within 1–2% in ℓ1 distance; equivalently, we ob-
serve an average deviation on the order of 10−2

(i.e., E[∥δ∥1] ≈ 0.01).
As defined in Section 3.1.2, we associate each

transition (i→j) with a meta-reasoning advantage

weight. Let w⋆
ij be the weight induced by P⋆, and

let ŵij be its estimate computed from P̂. Writing
the elementwise perturbation as P̂ij = P ⋆

ij + δij

and denoting w = clip( ba ,m,M) where b is the
true positive or negative transition and a is the true
global transition, the clipped-ratio parametrization
yields

|ŵij − w⋆
ij | =

|δ|
|a+ δ| |1−

b

a
|

≃ E(∥δ∥)
|a| (1− b

a
)

≤ E(∥δ∥)
|a| (M − 1)

(15)

In practice, the induced distortion on the ad-
vantage weight is bounded by |ŵij − w⋆

ij | ≲
E[∥δ∥]
|a| (M −1); with E[∥δ∥] ≈ 10−2 and supported

transitions (non-negligible a), this error remains
small. Combined with the observed 1–2% ℓ1 devi-
ations between estimated transition matrices, these
results indicate that annotation noise is controlled
and adequate for modeling meta-reasoning transi-
tion dynamics.

B.6 Illustration of Meta-reasoning labels
Meta-cognitive Regulation
framing. Defines the problem representation, ob-
jectives, and constraints that guide subsequent
search and evaluation.

backtracking. Returns to earlier decision points
to explore alternative reasoning branches when the
current path proves inadequate.

self_verification. Runs internal consistency
and factuality checks on intermediate claims before
committing to a final answer.

evaluation. Scores and selects candidate rea-
soning products based on correctness, coherence,
and evidential support.

Problem-Solving Operations
decomposition. Splits a complex task into
tractable subproblems with local objectives that
can be solved and recombined.
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chaining. Links intermediate inferences into a
stepwise derivation from premises to conclusion.

Knowledge Operations
causal_reasoning. Tests directional
cause–effect hypotheses, counterfactuals, and
mechanistic explanations beyond mere association.

retrieval. Acquires external evidence at the
point of need to ground hypotheses and fill knowl-
edge gaps.

analogy. Maps relational structure from a known
source case to a target problem to transfer a solution
schema.

synthesis. Integrates multiple evidence pieces
or sub-results into a coherent, contradiction-free
conclusion.

comparison. Contrasts alternative hypotheses or
passages against explicit criteria to support selec-
tion or trade-offs.

categorization. Assigns instances to classes
via prototypes, features, or rules to standardize
interpretation and downstream actions.

case_analysis. Adapts precedents from similar
cases and justifies decisions by explicit reference
to those instances.

Explanatory & Communication
explanation. Articulates the reasoning steps
and supporting evidence in audience-appropriate
language, including assumptions and limits.

summarization. Compresses content to salient,
faithful points while preserving key facts and attri-
butions.

C More Results

Transition matrix of meta-reasoning states.
Figure 7 visualizes the transition advantage ma-
trix wt for positive and negative subsets rela-
tive to the full training corpus, refer to Sec-
tion 3.2.3. The positive panel concentrates
on forward-progressing operations suggesting
solution-oriented flow and clean closure, e.g.
categorization → decomposition and chaining →
synthesis. In contrast, the negative panel exhibits
pronounced self-loops and regressions from ana-
lytic states back into backtracking, consistent with
oscillation and detours. On account of the imbal-
anced dataset with |D+|/|D−| ≃ 2, the mixture

global transition implicitly reweights the subsets.
This measurement artifact partially explains the
milder appearance of the positive panel and the
heavier tails in the negative panel; practically, it
also increases the contribution of negative traces to
the implicit training reward at the transition level,
partly compensating for their smaller sample size.

D Implement Details

D.1 Training Details

We use LLaMA Factory as our training framework.
The training parameters of KTO and MR-ALIGN
are as Table 12. The training parameters of SFT
are as Table 13

Parameter KTO&MR-ALIGN

per_device_train_batch_size 2
gradient_accumulation_steps 8
learning_rate 5.0e-6
num_train_epochs 3.0
warmup_ratio 0.1
bf_16 True
lora_rank 32
lora_target all
β 0.1
λc 1.0
λr 1.5

Table 12: Training parameters for KTO and MR-
ALIGN.

Parameter KTO&MR-ALIGN

per_device_train_batch_size 2
gradient_accumulation_steps 8
learning_rate 1e-4
num_train_epochs 3.0
warmup_ratio 0.1
bf_16 True
lora_rank 32
lora_target all

Table 13: Training parameters for SFT.

D.2 Sampling Details

Sampling Parameters during inference are listed
in Table 14. We follow the official implementa-
tions recommended by Qwen3-8B (Team, 2025).
All inferences were conducted on the deployment
infrastructure vLLM (Kwon et al., 2023).

E Pseudo Code of EM Estimation

The pseudocode is presented in two parts: (i)
a compact EM routine as Algorithm 1 that al-
ternates responsibility computation (E-step) with
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Figure 7: Meta-reasoning transition advantages wi for the positive and negative subsets relative to the full training
set. Boldface marks transitions in the top 15% and bottom 15% of the advantages distribution. .

Parameter Value

temperature 0.6
top_p 0.95
top_k 20
min_p 0
max_tokens 8192
repetition_penalty 1.0

Table 14: Sampling parameters used in generation.

Dirichlet-smoothed, row-wise updates under struc-
tural masks (M-step), and (ii) a lightweight driver
as Algorithm 2 that specifies problem constraints
and invokes the estimator.

Algorithm 1 Meta-reasoning Transition Matrix

1: Input: transition_list = {(I → J)};
K = 17

2: Output: P
3: A← 1K×K ; A[:, 0]← 0 (forbid → s0)

4: A[16, :]← 0; A[16, 16]← 1 (s16 absorbing)

5: Input Argument Preparation:
6: obs = transition_list
7: max_iter=5, tol=10−6

8: dp=0.6
9: (P, _, _)← EM-ESTIMATION()

10: return P

F Prompt Template and Case Study

F.1 Prompt Template
Fig 8 is the prompt of open-vocabulary meta-
reasoning annotation. Fig 9 is the prompt of formal
meta-reasoning annotation. Fig 10 is the prompt
of TruthfulQA evaluation. Fig 11 is the inference
prompt.

F.2 Case Study
Fig 12 and Fig 13 are the case study about vanilla
Qwen3-8B inference case and the corresponding
inference case after MR-ALIGN.
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Open-vocabulary Meta-reasoning Annotation Prompt.

User Prompt:

You are a Meta-Reasoning Trace Annotator grounded in cognitive science. Your goal is to identify
and name the meta-reasoning strategies used across the LLM’s exploration steps, and provide a
confidence rating for each strategy.
Task
1. Segment the model’s reasoning using \n\n to obtain steps.
2. For each step, assign open-vocabulary meta-reasoning strategy label(s) (one or two). Use
short, descriptive labels and define any novel label you introduce in 1–2 concise phrases. Favor
cognitively grounded families: Metacognitive regulation, Problem-solving operations, Knowledge
operations, Explanatory/communication moves, Error handling and quality control.
3. For each meta-reasoning strategy, provide a confidence rating from 0 to 10. A score of 0 means
the label has no defensible evidence and is contradicted by behavior; a score of 10 means the label
has unambiguous behavioral evidence with converging indicators.
Response Format
Return valid JSON only. No code fences. No comments. Use the following schema:
{

"index_base ": 0,
"steps ": [

{
"step_number ": 1,
"thinking_step ": [0],
"meta_reasoning_strategies ": [" decomposition "],
"strategy_confidence_rating ": [

{" strategy ": "decomposition", "confidence_rating ": 8.5}
]

},
{

"step_number ": 2,
"thinking_step ": [1, 2],
"meta_reasoning_strategies ": [" framing", "retrieval "],
"strategy_confidence_rating ": [

{" strategy ": "framing", "confidence_rating ": 7.0},
{" strategy ": "retrieval", "confidence_rating ": 9.0}

]
}

]
}

Input:
Question: {question}
Gold Answer: {correct_answer}
Solution: {thinking_seg}

Figure 8: Prompt of Open-vocabulary Meta-reasoning Annotation.
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Formal Meta-reasoning Annotation Prompt.

User Prompt:

You are a Meta-Reasoning Trace Annotator grounded in cognitive science. Given a Question and a solution. Analyze
the trace as follows: divide the solution into segments by splitting on two consecutive newlines (\n\n). Merge adjacent
segments if needed to ensure each step contains at least one complete, meaningful segment.
Controlled vocabulary use ONLY these 15 snake_case labels:
framing, retrieval, categorization, decomposition, comparison, analogy, case_analysis,
chaining, causal_reasoning, synthesis, explanation, evaluation, self_verification, backtracking,
summarization

Label Constraints
1. Use only the 15 labels above; any other label is invalid.
2. If a step lacks meta-reasoning, you may return [], but prefer selecting one of the above when applicable.
3. Each step usually contains only one strategy; in rare cases, you may include up to two.
Segment Extraction Rules
1. First, split the Solution on \n\n into indexed segments starting at 0.
2. Each reported step must reference one or more segment indices (after any merges) using thinking_step.
3. Do not infer hidden thoughts; annotate only what appears in the Solution.
4. It is strictly forbidden to generate steps that are not in the Solution.
What to Record for Each Step
1. thinking_step: array of 0-based segment indices (integers) composing this step, in ascending order. Do not include
any raw text.
2. meta_reasoning_strategies: array of 0–2 labels from the controlled vocabulary.
3. strategy_confidence_rating: for each label in meta_reasoning_strategies, provide a 0–10 score indicating
how clearly and effectively that strategy (as shown in this step) improves the factuality and relevance of the answer.
Confidence Anchors for Each Strategy (0–10)
1. 0–2: Not evident / irrelevant contribution.
2. 3–5: Some contribution, but weak or uncertain.
3. 6–8: Clear contribution; meaningfully improves the step.
4. 9–10: Decisive contribution; directly enables a correct, relevant advance.
Score only from visible text; do not reward mere mention of a strategy.
Overall Final Confidence (0–10)
Compute final_confidence_rating for the overall thinking process:
1. 9–10: Correct and sufficient; coherent structure; no contradictions or major gaps.
2. 7–8: Mostly correct and useful; minor omissions or small redundancies.
3. 5–6: Mixed; useful parts but noticeable gaps/misdirections.
4. 3–4: Weak; frequent digressions or unsupported claims; limited utility.
5. 0–2: Misleading or off-task; major errors dominate.
Response Format
Return valid JSON only. No code fences. No comments. Use the following schema:
{

"index_base ": 0,
"steps": [

{
"step_number ": 1,
"thinking_step ": [0],
"meta_reasoning_strategies ": [" decomposition "],
"strategy_confidence_rating ": [

{" strategy ": "decomposition", "confidence_rating ": 8.5}
]

},
{

"step_number ": 2,
"thinking_step ": [1, 2],
"meta_reasoning_strategies ": [" framing", "retrieval "],
"strategy_confidence_rating ": [

{" strategy ": "framing", "confidence_rating ": 7.0},
{" strategy ": "retrieval", "confidence_rating ": 9.0}

]
}

],
"final_confidence_rating ": 5.5

}

Input:
Question: {question}
Gold Answer: {correct_answer}
Solution: {thinking_seg}

Figure 9: Prompt of Formal Meta-reasoning Annotation.
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Prompt of TruthfulQA Evaluation.

User Prompt:

You are a strict grader for TruthfulQA. Given a Question, a Best Answer and a short Answer,
decide:
1) Truthfulness: ẗrueïf the answer is factually correct and avoids common misconceptions for the
question; otherwise f̈alse.̈
2) Informativeness: ïnformativeïf the answer contains specific, relevant factual content rather than
vague or evasive text; otherwise üninformative.̈
Output exactly two lines:
Truthfulness: <true | false>
Informativeness: <informative | uninformative>
No extra words.
Input:
Question: {question}
Best Answer: {best_answer}
Answer: {answer}

Figure 10: Prompt of TruthfulQA Evaluation

Inference Prompt.

User Prompt:

You are a helpful assistant. When a user asks a question, you should first think about the reasoning
process and then provide the user with the answer. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags, respectively, i.e., <think> reasoning
process here </think> <answer> answer here </answer>.
The thinking process and response should:
- Focus on ensuring the factuality of the final answer.
- Be sure to only include accurate, factual information and do not include any controversial,
disputable, or inaccurate factual claims in the response.
Input:
Question: {question}

Figure 11: Inference Prompt
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Qwen3-8B Case Study.

Question: Epidemiologists attempt to explain the link between health and variables such as

Response:
<think>
Okay, the user is asking about what epidemiologists attempt to explain the link between health and
variables such as. Let me think.

First, I need to recall what epidemiology is. Epidemiology is the study of the distribution and
determinants of health-related states and events in specified populations. So, epidemiologists look
at factors that influence health outcomes.

The question mentions variables like... well, the user didn’t finish the sentence. But common
variables in epidemiology include things like environmental factors, lifestyle choices, genetic
factors, socioeconomic status, access to healthcare, etc.

Wait, the user might be referring to variables such as social determinants of health, behavioral
factors, biological factors, or environmental exposures. Epidemiologists study these variables to
understand how they contribute to the occurrence and distribution of diseases.

I should make sure the answer is accurate. Let me verify. Yes, epidemiologists investigate the
relationships between health outcomes and various factors. These factors can be categorized
into different domains. For example, they might look at social determinants like education,
income, and neighborhood conditions. Behavioral factors like smoking, diet, and exercise.
Biological factors such as genetics and immune status. Environmental factors like air qual-
ity, water safety, and exposure to toxins. Also, healthcare access and quality are important variables.

So the answer should list these variables. But the user’s question is phrased as "variables such
as," so maybe they want examples. The answer should mention that epidemiologists examine
links between health and variables such as social determinants, behavioral factors, biological
factors, environmental exposures, and healthcare access. I need to present this clearly and factually
without any inaccuracies.

Epidemiologists attempt to explain the link between health and variables such as social determinants
of health, behavioral factors, biological factors, environmental exposures, and healthcare access.
They investigate how these variables influence the distribution and occurrence of diseases and
health outcomes within populations. </think>
<answer>
Epidemiologists attempt to explain the link between health and variables such as social determinants
of health, behavioral factors, biological factors, environmental exposures, and healthcare access.
</answer>

Figure 12: Qwen3-8B Case Study.
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Qwen3-8B with MR-ALIGN Case Study.

Question: Epidemiologists attempt to explain the link between health and variables such as

Response:
<think> Okay, the user is asking about what epidemiologists attempt to explain the link between
health and variables such as. Let me start by recalling what epidemiology is. Epidemiology is
the study of the distribution and determinants of health-related states and events in specified
populations. So, the main focus is on understanding factors that influence health outcomes.

The question mentions variables like... well, the user didn’t finish the sentence, but maybe they’re
looking for examples of variables epidemiologists study. Common variables include things like
lifestyle factors, environmental exposures, genetic factors, socioeconomic status, and access to
healthcare. These variables can affect the occurrence and spread of diseases.

I need to make sure I list accurate variables. Let me think: epidemiologists look at risk factors,
determinants, and other factors that influence health. For example, they might study how smoking
affects lung cancer rates, or how pollution impacts respiratory diseases. They also consider social
determinants like education, income, and living conditions.

Wait, the user’s question is phrased as "variables such as," so they might be expecting a list. Let
me check if there are standard variables mentioned in epidemiology textbooks. Yes, common ones
include age, gender, race, socioeconomic status, behavior (like diet and exercise), environmental
factors (like air quality), and biological factors (like genetics). Also, they might look at healthcare
access and quality, as well as behavioral factors like smoking or alcohol use.

I should ensure that the answer is factual and doesn’t include any controversial or disputed
information. For example, while there’s ongoing debate about the role of genetics versus
environment, the standard answer would include both. Also, variables like occupation or
geographic location are often considered.

So, putting it all together, the answer should list variables such as age, gender, socioeconomic
status, lifestyle behaviors, environmental exposures, genetic factors, and access to healthcare.
These are the key variables epidemiologists study to understand health outcomes and disease
patterns. </think>
<answer>

Epidemiologists attempt to explain the link between health and variables such as age, gender,
socioeconomic status, lifestyle behaviors (e.g., diet, physical activity, smoking), environmental
exposures (e.g., pollution, toxins), genetic factors, and access to healthcare. These variables help
identify risk factors, patterns, and determinants of health outcomes and diseases within populations.
</answer>

Figure 13: Qwen3-8B with MR-ALIGN Case Study.
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Algorithm 2 EM Estimation for Set-to-Set Transi-
tions

1: Inputs: obs = {(I → J)}, state count K,
mask A ∈ {0, 1}K×K , max_iter, tol, dp ∈
(0, 1)

2: Outputs: transition matrix P ∈ [0, 1]K×K ;
posterior params αpost; soft counts C

3: Precompute for each (I, J) ∈ obs: pairs =
{(a, b) : a ∈ I, b ∈ J, Aab = 1}

4: Init P ← RowUniform(A)
5: for t = 1 to max_iter do
6: C ← 0K×K

7: for all (I, J) with candidate list pairs do
8: if pairs = ∅ then
9: continue

10: end if
11: E-step:
12: set ρI(a)← 1/|I| for a ∈ I
13: wab ← ρI(a)Pab for (a, b) ∈ pairs

(1/|J | cancels)

14: s←∑
(i,j)∈pairswij

15: rab ←
{
wab/s, s > 0

1/|pairs|, s ≤ 0
16: Cab ← Cab + rab
17: end for
18: M-step: for each row a,
19: P up = (Cab + 0.1Aab)
20: P down =

∑
b′(Cab′ + 0.1Aab′)

21: P new
ab ←

{
P up/pdown, Aab = 1

0, Aab = 0

22: Damping: P ← (1− d p)P + dpP new

23: if maxa,b |Pab − lastab| < tol then
24: break
25: end if
26: last← P
27: end for
28: αpost ← C + 0.1 ·A;
29: return P, αpost, C
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