CheckRLM: Effective Knowledge-Thought Coherence Checking in
Retrieval-Augmented Reasoning

Dingling Xu'?*, Ruobing Wang>**, Qingfei Zhao**, Yukun Yan°’, Zhichun Wang'?",
Daren Zha?, Shi Yu®, Zhenghao Liu®, Shuo Wang®, Xu Han’, Maosong Sun’®
1School of Artificial Intelligence, Beijing Normal University, Beijing 100875, China
?Beijing Key Laboratory of Artificial Intelligence for Education, Beijing 100875, China
3Institute of Information Engineering, Chinese Academy of Sciences,
4School of Cyber Security, University of Chinese Academy of Sciences,
*Department of Computer Science and Technology, Institute for Al Tsinghua University,
®Northeastern University

Abstract

Reasoning Language Models (RLMs) have
significantly improved performance on com-
plex tasks by extending the reasoning chain.
However, these chains are prone to contain-
ing factual errors, particularly in knowledge-
intensive tasks. To address this issue, we pro-
pose CheckRLM, a framework that improves
the reliability of the reasoning process through
Retrieval-Augmented Generation (RAG) by
timely checking and correcting factual errors.
Specifically, CheckRLM extracts factual claims
from the reasoning chain to identify and lo-
calize subtle knowledge inconsistencies dur-
ing inference. Upon detection of errors, a re-
finement mechanism performs minimal-cost
yet precise corrections by leveraging external
knowledge, ensuring coherence between the
reasoning chain and correct knowledge. Exten-
sive experiments demonstrate that CheckRLM
substantially outperforms existing baselines,
exhibiting a strong capability to mitigate error
accumulation in long-horizon reasoning with
lower costs. The code and data are available at
https://github.com/AI9Stars/CheckRLM.

1 Introduction

Reasoning Language Models (RLMs) such as
OpenAl-ol (OpenAl, 2024) and DeepSeek-R1
(Guo et al., 2025) have notable advanced reasoning
capabilities with reinforcement learning and test-
time scaling (Zhang et al., 2026; Gao et al., 2025).
By decomposing complex problems and engaging
in iterative exploration and reflection over long rea-
soning chains, RLMs attract significant attention
in logic-intensive domains, including mathematics
and coding (Chen et al., 2025; Li, 2025).

Despite these advancements, the extended rea-
soning chain also introduces the critical challenge
of maintaining factual coherence throughout the
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Figure 1: Illustration of error accumulation and
CheckRLM. Direct Reasoning and Post-reasoning
Check suffer from erroneous internal knowledge in
the RLM and insufficient external knowledge, whereas
CheckRLM corrects errors timely to reach the correct
answer.

process, especially in knowledge-intensive tasks
(He et al., 2025; Yao et al., 2025). In long step-
wise reasoning, we observe that the factual accu-
racy of each intermediate step is paramount, as it
forms the foundational premise for subsequent de-
ductions. Consequently, any factual error at a given
step can be propagated, leading to final answer
deviations—a phenomenon termed error accumu-
lation (Ling et al., 2023; Tyen et al., 2024). As
illustrated in Figure 1, Direct Reasoning initially
produces an incorrect director name “Jim Abra-
hams”, which is then propagated as a premise for
subsequent reasoning, leading to an erroneous in-
ference of the director’s birth date and the final
incorrect answer “February 25, 1940”. Although
Post-reasoning Check later revises the director’s
name, it fails to repair the already corrupted inter-
mediate reasoning.

To bridge this gap, we propose CheckRLM,
a framework that employs Retrieval-Augmented
Generation (RAG) to promptly identify and cor-
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https://github.com/AI9Stars/CheckRLM

rect factual errors within long reasoning chains,
thereby aligning them with external knowledge.
To effectively check and refine reasoning chains,
CheckRLM comprises two components: in-process
knowledge claim recognition and localized knowl-
edge coherence correction via retrieval. During
in-process knowledge claim recognition, key fac-
tual claims pertinent to the query are identified
and extracted from each newly generated reasoning
segment, facilitating the location of potential in-
consistencies while minimizing interference from
irrelevant information. In the localized knowledge
coherence correction via retrieval process, we use
the extracted key factual claims along with the orig-
inal question to search an external knowledge base
and perform token-level precise corrections, en-
suring that each segment of the verified reasoning
chain aligns with external knowledge and reducing
error accumulation.

In summary, our contributions are as follows: 1)
we propose CheckRLM, an efficient RAG frame-
work with in-reasoning knowledge checking that
identifies and corrects factual errors during long-
chain reasoning, effectively preventing error accu-
mulation; 2) we introduce a localized intermediate
intervention mechanism that dynamically extracts
and verifies critical knowledge claims from partial
reasoning states, enabling timely and fine-grained
factual correction; 3) CheckRLM significantly out-
performs recent strong baselines, while comprehen-
sive analyses show that it enables early, targeted er-
ror correction and simultaneously achieves top-tier
performance with significantly reduced inference
time and token consumption.

2 Related Work

2.1 Reasoning Language Model (RLM)

RLMs enhance the quality of final answers by guid-
ing Large Language Models (LLMs) to decompose
complex tasks into multiple subquestions and by
extending step-by-step reasoning chains (Chen
etal., 2025; Gao et al., 2025; Zhang et al., 2026; Li,
2025). Prior work primarily relies on engineered
prompts during inference without modifying the in-
ternal parameters of LLMs (Yasunaga et al., 2024;
Zhou et al., 2023; Zhang et al., 2023; Yao et al.,
2023). Chain-of-Thought (Wei et al., 2022) in-
serts several task-oriented exemplars that contain
intermediate reasoning steps into the prompt, while
(Kojima et al., 2022) stimulates zero-shot gener-
ation of intermediate reasoning by adding the in-

struction “let’s think step by step” to task instruc-
tions, effectively eliciting reasoning capabilities
in LL.Ms. However, these prompt-engineering ap-
proaches are largely constrained by the quality of
the prompts and exemplars, and the depth and cor-
rectness of the elicited reasoning are difficult to
guarantee. Recent studies (OpenAl, 2024; Guo
et al., 2025; Yang et al., 2025) have focused on
deep optimization of LLMs via large-scale rein-
forcement learning (RL). By designing verifiable
reward functions, RLMs exhibit high-level reason-
ing behaviors, including self-verification, reflec-
tion, and dynamic strategy adjustment; furthermore,
increasing test-time compute yields continued im-
provements in reasoning performance (Weng et al.,
2023; Kumar et al., 2025). Meanwhile, concurrent
studies have pointed out that these RLMs tend to
produce hallucinations within their long reasoning
chains (He et al., 2025; Yao et al., 2025). An
early factual error can subsequently mislead the en-
tire reasoning trajectory, leading to a phenomenon
known as “error accumulation” (Ling et al., 2023;
Tyen et al., 2024).

2.2 Retrieval-Augmented Generation (RAG)

RAG effectively mitigates the “hallucination” in
knowledge-intensive tasks by integrating LLMs
with external knowledge bases, improving the accu-
racy and reliability of content (Lewis et al., 2020;
Ram et al., 2023; Zhao et al., 2024; Zhu et al.,
2025). However, the single-retrieval mechanism
in vanilla RAG (Izacard et al., 2023) often yields
limited information, struggling to cover the com-
plete knowledge background required for complex
questions (Wang et al., 2025, 2024). To address
the limitations of Vanilla RAG, researchers have
proposed the adaptive RAG framework (Jeong
et al., 2024; Jiang et al., 2023; Asai et al., 2024;
Yao et al., 2022), which employs an intelligent
decision-making mechanism to dynamically deter-
mine when to retrieve, what to retrieve, and how
to integrate the retrieved information. This sig-
nificantly improves both the response quality and
efficiency of RAG systems. However, these tra-
ditional adaptive RAG methods are not suitable
for RLMs based on long chains of thought. Con-
current work (Hu et al., 2025; Sun et al., 2025;
Guan et al., 2026; Xiong et al., 2025; Zhao et al.,
2025; Li et al., 2025) combines reasoning with
search, inserting external knowledge into long rea-
soning chains to augment RLMs’ reasoning abil-
ity. These methods integrate external knowledge
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Figure 2: Overview of CheckRLM. In-process knowledge claim recognition locates error positions by extracting
factual claims from reasoning chain units, while localized knowledge coherence correction corrects factual errors at
minimal cost based on retrieved documents. The two modules are jointly optimized using DPO.

in a coarse-grained manner, which can introduce
instability in the coherence of the reasoning pro-
cess. Instead, we propose a minimal intervention
approach that corrects erroneous knowledge within
the model itself, achieving more reliable and con-
trollable knowledge-augmented reasoning capabili-
ties.

3 Methodology

3.1 Preliminary of CheckRLM

Considering a complicated question ¢ that requires
multi-step reasoning, our goal is to generate a cor-
rect final answer a by checking and refining the
reasoning chain R generated by RLMs. Mathemat-
ically, the reasoning chain R can be defined as a
sequence T = (s1, S2, . . ., s7), where each s; rep-
resents an intermediate reasoning state generated
at time step t. The model parameters 6 govern the
conditional distribution Py(s; | ¢, S<¢), denoting
the probability of generating the subsequent rea-
soning step s; conditioned on the question g and
the preceding reasoning history s.;. Consequently,
the sampling process for the entire reasoning chain
‘R can be formalized as the product of stepwise
conditional distributions:

T

R~ [ Polsi | g,5<0)
=1

)

The final answer « is then derived from both R
and ¢, where Py(a | ¢, R) represents the condi-
tional distribution under which the reasoning model

yields the final answer:
(@)

3.2 Knowledge-Thought Coherence Checking

aNPG(a’qu)

In this section, we first introduce a two-stage
Knowledge-Thought Coherence Checking process
(§3.2.1 and §3.2.2), and then describe the training
data construction pipeline and the training process
(§3.2.3). The overall framework of CheckRLM is
shown in Figure 2.

3.2.1 In-Process Knowledge Claim
Recognition

We adopt an “intermediate intervention” strategy
to extract explicit knowledge claims during the rea-
soning process, rather than intervening only after
the complete reasoning chain is generated. This
strategy aims to address potential factual errors and
prevent the gradual amplification of randomly oc-
curring erroneous knowledge in the intermediate
states of the reasoning chain at an early stage.
Specifically, we identify and extract factual in-
formation that supports problem-solving from the
reasoning chain, summarizing it into multiple ex-
plicit factual claims. These factual claims serve the
fact verification model M. to prioritize question-
relevant facts and facilitate the detection of ex-
plicit errors for correction, preventing their prop-
agation and negative impact on downstream rea-
soning. Considering that granular checks, such
as token-level or sentence-level, disrupt the logic
and semantic meaning of the reasoning chain and
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trigger unnecessary or frequent interruptions, we
perform coherence checks at the paragraph level,
keeping a balance between contextual complete-
ness and timely verification.

Accordingly, the current reasoning chain unit
can be defined as the chain generated from s;_;
to s;, where the time step ¢ is segmented by para-
graphs in the reasoning chain and denoted as 7.
We input the original question ¢ and the current
reasoning chain unit 7; into the claim recognition
model M. to sample a set of knowledge claims
y$l4im - For robustness considerations, we do not
use the entire previously generated reasoning chain
'R <+ as input during recognition to avoid introduc-
ing noise from earlier reasoning steps. We formal-
ize In-Process Knowledge Claim Recognition as
follows:

ym Moo (- | Instruct,, 74, q) 3)
In this formulation, y®™ = {y; ... 4 } repre-
sents the set of knowledge claims generated by the
claim recognition model M., where n € N* de-
notes the number of generated claims, and Instruct,
is a prompt template designed to guide the model
to focus on factual claims relevant to the q.

3.2.2 Localized Knowledge Coherence
Correction via Retrieval

At the In-Process Knowledge Claim Recognition
process, we extract a set of factual claims y§aim
related to the current reasoning chain unit 7y,
which helps identify specific locations where fac-
tual knowledge errors may exist. Subsequently,
the Localized Knowledge Coherence Correction
via Retrieval process focuses on correcting the rea-
soning chain unit r; at these identified locations
by retrieving external knowledge, effectively align-
ing internal reasoning chain content with external
knowledge and correcting parametric knowledge
erTors.

Specifically, we first take the union of the knowl-
edge claim set y$/%™ and the original question ¢ to
construct the query set Q; = {q} U ¢§™®™. Each
query ¢; € Q; serves as an atomic retrieval query,
triggering an independent retrieval that returns the
top-k relevant documents. Collecting the results
from all queries forms the initial candidate docu-
ment set Dj*". To avoid redundancy, we further
perform deduplication on the initial candidate doc-
ument set D;*V to obtain the refined retrieval docu-
ment set D; = {dy,,dy,,...,ds, }, where n € NT

denotes the number of documents after deduplica-
tion. The process for acquiring external knowledge
can be represented in a formal notation as follows:

D, = U Retriever(g;) (G
i€t

Then, we jointly feed the retrieved document
set D; and the current reasoning-chain unit r; into
the knowledge correction model M. The model
identifies and extracts knowledge relevant to r; and
uses it to assess and verify the factual validity of
the current reasoning-chain unit 7, ensuring knowl-
edge alignment between the reasoning chain and
the knowledge base. Conditioned on the current
reasoning-chain unit r; and the retrieved document
set D; after deduplication, the corrected reasoning-
chain unit 7} is sampled from the conditional distri-
bution parameterized by the knowledge correction
model M. o:

Ty ~ Mcor(+ | Instructe, ry, Dy) 5)

where Instruct, is an instructional prompt template
designed to guide the model in performing token-
level corrections with minimal cost while ensuring
the reasoning structure remains intact. Here, we
introduce two types of preference guidance to steer
the model, such that when all facts in r; are cor-
rect or the retrieved document set D; is irrelevant,
the reasoning-chain unit remains unchanged. If r;
contains erroneous knowledge, the model applies
targeted token-level corrections with minimal dis-
ruption to preserve the structural integrity of the
reasoning chain, ultimately producing the corrected
reasoning-chain unit ;. We define 7, € {r, r;}
to uniformly represent the current reasoning chain
that admits two possible content states.

After factual errors are corrected, the reasoning
model continues the inference process based on
the updated reasoning chain, enabling the model to
proceed along a correct reasoning path and prevent-
ing the accumulation of errors. Through multiple
iterations of reasoning and factual correction, the
complete reasoning chain is ultimately denoted as:

R=71®T2D..DT7 (6)

from which the final answer « is derived. During
reasoning, this real-time factual verification and
correction mechanism leverages external knowl-
edge to precisely identify and rectify parametric
knowledge errors in the RLM, guiding the model
toward accurate and efficient reasoning.

38406



3.2.3 Optimization for Knowledge
Recognition and Correction

Although the two processes above can effectively
identify and correct factual errors during reasoning,
we also observe that the claim recognition model
M and the knowledge correction model Mo,
suffer from issues in a limited number of cases,
such as low-quality factual claims, failure to per-
form correct corrections, and redundant outputs.
Therefore, our goals are twofold: 1) to improve the
factual claim recognition capability of the M.,
and 2) to enhance the precision of the Mqo in
performing knowledge corrections. To this end,
we adopt DPO (Rafailov et al., 2023) as the opti-
mization algorithm to guide the model in assigning
higher likelihood to high-quality, accurate, and con-
cise outputs, without requiring an explicit reward
model. Accordingly, we adopt a two-stage strategy
to construct a small-scale, high-quality preference
dataset Dppo (Appendix A), with the aim of in-
ducing preferences for high-quality factual claim
recognition and fine-grained knowledge correction.
DPO Training Using the constructed training
data, we optimize the model M"ﬁc that serves both
the claim recognition and knowledge correction,
to learn a unified policy # that assigns higher like-
lihood to the preferred output ™ than to its less
preferred counterpart y—, conditioned on the same
input z. Our training objective is formulated as
follows:

‘CDPO(MGRC; Mll-{eg) = _E{m,ny,y*}ND [lOgO’

M (y |z M (y~ |z
Blog B IE) _ gy Miclle)yy - g
Mge(ytlz) Mgy~ |z)
where Mg and ML represent the trainable
model and the reference model, respectively.

4 Experiments

4.1 Datasets & Metrics

Multi-hop QA Datasets (1) HotpotQA (Yang
et al., 2018) requires retrieving and reasoning over
multiple Wikipedia documents with distracting
information to answer. (2) 2WikiMultiHopQA
(2WikiMQA) (Ho et al., 2020) is a multi-hop
QA dataset where each question requires reason-
ing over entity-centric hyperlinks across multiple
Wikipedia pages to discover bridging entities. (3)
MuSiQue (Trivedi et al., 2022) is a challenging
dataset characterized by its compositional, intercon-
nected questions that necessitate sequential reason-

ing without relying on isolated single-hop clues. (4)
IIRC (Ferguson et al., 2020) builds on Wikipedia
articles where questions require identifying rele-
vant text snippets from linked contexts to answer
questions given an incomplete context. For the
test samples and retrieval corpus, we follow IRCoT
(Trivedi et al., 2023).

Short-form QA Dataset focuses on retrieving
direct answers to factoid questions from a single
context. We choose SimpleQA (Wei et al., 2024),
a large-scale benchmark consisting of short, fact-
seeking questions. We randomly select 500 sam-
ples from the test split and use the KILT (Petroni
et al., 2021) knowledge source as the corpus.
Metrics We use F1-Score (f1) and Exact Match
(em) (Jiang et al., 2023) to evaluate the correctness
of the final answer.

4.2 Baselines

We compare our method against the following base-
line approaches: (1) Direct Reasoning: the RLM
relies solely on its parametric knowledge to an-
swer questions without retrieving any external in-
formation. (2) Vanilla RAG: a single-step retrieval
fetches the top-k most relevant documents, which
are then provided alongside the question as context
for the LLM to generate an answer. (3) Multi-Step
RAG: the RAG system gathers relevant informa-
tion through multiple iterative retrieval steps. We
select RAT (Li et al., 2024) as our representative
baseline. (4) Adaptive RAG: the RAG framework
dynamically decides the retrieval and generation
strategy to optimize both response quality and ef-
ficiency. We primarily compare against three es-
tablished baselines: FLARE (Jiang et al., 2023),
Self-RAG (Asai et al., 2024), and ReAct (Yao
et al., 2022). Additionally, we also compare with
Search-ol (Li et al., 2025), which actively retrieves
external knowledge during the reasoning process
and seamlessly integrates refined, concise informa-
tion extracted from lengthy retrieval results into the
reasoning chain.

4.3 Implementation Details

We primarily employ QwQ-32B (Team, 2025) as
the reasoning model, while also evaluating various
RLMs of Qwen3-8B (Yang et al., 2025), Qwen3-
32B (Yang et al., 2025) and DeepSeek-R1-Distill-
Llama-70B (Guo et al., 2025) for comparative
analysis. For M. and M, we use the same un-
derlying model and select four LLMs: Qwen3-8B
(Yang et al., 2025), Qwen2.5-14B-Instruct (Yang
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Multi-hop Short-form
Method HotpotQA 2WikiMQA  MuSiQue IIRC SimpleQA  Avg.
f1 em f1 em f1 em f1 em f1 em
COwO32B oo __.
Direct Reasoning 384 29.0 34.6 284 185 74 248 214 105 4.6 21.8
Vanilla RAG 5277 422 464 426 193 10.0 250 220 314 242 31.6
ReAct (2022) 48.2 346 459 330 223 100 219 162 30.1 222 284
FLARE (2023) 435 322 466 384 184 92 123 9.6 241 174 252
Self-RAG (2024) 49.7 399 40.0 362 200 10.6 251 21.3 31.1 248 299
RAT (2024) 515 39.0 472 38.6 241 132 217 17.0 303 222 305
Search-ol (2025) 62.0 492 714 604 333 20.7 292 250 354 274 415
CheckRLM 663 526 734 62.0 39.6 27.2 331 29.0 40.0 304 454
(Qwen332B o ______.
Direct Reasoning 36.4 27.6 340 294 166 6.6 230 202 95 24 20.6
Vanilla RAG 512 41.0 445 418 19.7 104 225 198 293 228 303
CheckRLM 642 520 70.8 608 356 254 316 278 39.1 30.6 438
(Qwen3 8B ______.
Direct Reasoning 29.3 222 31.1 266 129 52 210 182 7.7 2.8 17.7
Vanilla RAG 445 352 409 384 138 6.0 19.8 168 294 23.0 268
CheckRLM 619 49.6 69.7 58.6 350 240 29.7 254 357 28.6 41.8

Table 1: Results (%) of overall performance. Our recognition and correction model is Llama-3.3-70B-Instruct.

The highest scores are emphasized in bold.

et al., 2024), Qwen2.5-32B-Instruct (Yang et al.,
2024), and Llama-3.3-70B-Instruct (Dubey et al.,
2024). In terms of inference hyperparameters, we
set the maximum context length to 16,384 tokens
and retain default settings for all other hyperparam-
eters. For the retriever, we utilize both the sparse re-
triever BM25 and the dense retriever bge-large-en-
v1.5 (Xjao et al., 2023) on multi-hop QA datasets,
while only the dense retriever bge-large-en-v1.5
is used on the short-form QA dataset. Across all
experiments, we fix top-k to 3 and set the maxi-
mum number of recognition-and-correction steps
to 10. All experiments are conducted using the
vLLM (Kwon et al., 2023) on a cluster of 8xA800
GPUs. For DPO training, we use a batch size of
8, a learning rate of 5e-7, 8 of 0.1, and train for 1
epoch.

5 Results and Analysis

5.1 Overall Performance

Vanilla RAG underperforms on complex tasks;
by contrast, CheckRLM demonstrates a sub-
stantial performance improvement. As shown in
Table 1, Vanilla RAG improves upon Direct Rea-

soning by introducing external knowledge docu-
ments in a one-time retrieval step, thus partially al-
leviating the limitation that Direct Reasoning relies
entirely on internal knowledge during the reason-
ing process. Empirical results indicate that Vanilla
RAG achieves reasonable performance on short-
form QA tasks, as these tasks typically require only
a small number of relevant snippets that are most
relevant to the original question; however, these ob-
served performance improvements struggle to gen-
eralize to complex multi-hop QA tasks. In contrast,
CheckRLM consistently outperforms Vanilla RAG
across all datasets. In particular, it achieves espe-
cially substantial gains on complex multi-hop QA
tasks, yielding improvements over Vanilla RAG
across all three reasoning backbones. These perfor-
mance improvements indicate that CheckRLM is
capable of performing effective knowledge correc-
tion by repeatedly and timely incorporating exter-
nal knowledge to precisely correct factual errors in
the reasoning chain.

CheckRLM surpasses a wide range of main-
stream baselines across both multi-hop and
short-form QA benchmarks. As shown in Ta-
ble 1, in comparison with recent iterative re-
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Method Hot. 2Wiki. Simp.
Qw28
Vanilla RAG 527 464 314
Inference Only 61.6  65.5 36.0
DPO Training 63.2  71.2 36.9
(Qwen3-328B
Vanilla RAG 512 445 29.3
Inference Only 57.0 629 34.2
DPO Training 61.3  65.3 36.1

Table 2: DPO Training Results (%). We conduct ex-
periments on the HotpotQA, 2WikiMQA and SimpleQA
dataset, using Qwen2.5-14B-Instruct as the recognition
and correction model and f1 as the metric.

trieval-generation and coupled retrieval-reasoning
methods, CheckRLM achieves the highest scores
across all evaluated datasets, including challenging
multi-hop and short-form QA benchmarks. The
gains are especially pronounced on complex multi-
hop reasoning, and are most evident on the more
challenging MuSiQue dataset, where CheckRLM
outperforms the best-performing baseline by 6.3
fl points. This advantage can be attributed to a
key design difference. While these prior methods
enhance reasoning by expanding the interaction
between retrieval and reasoning or by increasing
search depth, they generally lack explicit mecha-
nisms to correct factual inconsistencies within the
reasoning process itself. In contrast, CheckRLM in-
troduces an in-process knowledge checking mecha-
nism that continuously monitors and corrects fac-
tual errors during reasoning, preventing erroneous
knowledge from propagating across subsequent rea-
soning steps. This design is especially critical for
multi-hop reasoning, where early-stage errors can
severely affect downstream inference.

5.2 Effectiveness of Knowledge Recognition
and Correction Optimization

The DPO training process in CheckRLM enhances
the model’s ability to correct factual errors in the
reasoning chain by jointly optimizing knowledge
claim recognition and knowledge coherence cor-
rection. Based on this design, we evaluate the per-
formance gains brought by this joint optimization
strategy to validate the effectiveness of our training
procedure. We conduct DPO training on the small
backbone Qwen2.5-14B-Instruct, and the results
are summarized in Table 2. Compared to inference-
only reasoning, DPO yields a 5.7% improvement

on the in-domain dataset 2WikiMQA, while im-
proving performance on out-of-domain multi-hop
QA benchmarks such as HotpotQA, as well as the
short-form QA dataset SimpleQA.

Furthermore, we perform extensive experiments
across different reasoning backbones and training
data compositions, where CheckRLM also achieves
strong performance on all evaluated datasets (see
Appendix C.2 for complete results). These re-
sults demonstrate that our DPO data sampling and
training pipeline effectively enhances CheckRLM
across diverse reasoning models and datasets, ex-
hibiting strong generality and robustness.

734 [ In-reasoning Check [T In-reasoning Check

[] Post-reasoning Check ol [ [] Post-reasoning Check
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w0 396
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Figure 3: Post-reasoning Check vs. In-reasoning
Check. We use QwQ-32B as the reasoning model,
Llama-3.3-70B-Instruct and Qwen2.5-14B-Instruct as
the recognition and correction model. The experiments
are conducted in the 2WikiMQA dataset and use f1 as
the metric. More results are in Appendix C.4.

5.3 Effectiveness of In-reasoning Knowledge
Check in CheckRLM

CheckRLM introduces an intermediate interven-
tion strategy that integrates knowledge claim recog-
nition with consistency correction for in-reasoning
check. Benchmarked against post-reasoning check,
CheckRLM consistently outperforms across all
datasets (Figure 3). The results confirm the su-
periority of in-reasoning intervention.

RLMs often introduce errors early in inference,
which then propagate and amplify through subse-
quent steps. While post-reasoning check accesses
the complete chain, its late correction can only
address a subset of errors and fails to rectify al-
ready flawed reasoning trajectories. In contrast,
CheckRLM intervenes dynamically during reason-
ing—correcting factual errors before they cascade
and ensuring that each step proceeds under accurate
knowledge constraints. This step-wise correction
substantially improves the stability and reliability
of the overall reasoning process.
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Figure 4: Time, token consumption and performance
of different methods. We use QwQ-32B as the rea-
soning model, Llama-3.3-70B-Instruct as the recogni-
tion and correction model. The experiments are con-
ducted in the 2WikiMQA dataset. More results are in
Appendix C.7.

5.4 Analysis of Cost-Efficient Reasoning

In this experiment, we conduct a three-dimensional
analysis that jointly considers token consumption,
inference time, and task performance, aiming to
provide a comprehensive evaluation of efficiency
and performance.

As shown in Figure 4, Direct Reasoning has the
lowest cost but limited performance. In contrast,
Vanilla RAG and Search-ol improve performance
at substantially higher token and time costs. No-
tably, the in-reasoning check in CheckRLM attains
a more favorable outcome across both performance
and cost dimensions. Compared with Vanilla RAG
and Search-o1, it significantly reduces token con-
sumption and inference time while simultaneously
achieving the best performance. This suggests that
timely knowledge correction during reasoning en-
ables the model to avoid unnecessary reasoning
steps and redundant retrieval caused by error accu-
mulation, improving efficiency without sacrificing
accuracy.

Furthermore, the comparison between the in-
reasoning check in CheckRLM and the post-
reasoning check highlights the critical role of cor-
rection timing. Although post-reasoning check re-
duces computational cost relative to retrieval-heavy
methods, it remains less effective than in-process
check, as delayed correction cannot prevent erro-
neous knowledge from propagating throughout the
reasoning chain. Overall, CheckRLM achieves the
best performance while substantially reducing both
inference time and token consumption, demonstrat-

No Checking (43) No Checking (46)

| Golden Reasoning Step 1(219) | Golden Reasoning Step 1 (109)

Checking Step 1 (218) o S (73

Golden Reasoning Step 2 (219)
Checking Step 2 (122)
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Checking Step 4 (22)
Checking Step 5 (1)
Checking Step 6 (5)
Checking Step 7 (5)
Checking Step 8 (1)
Checking Step 9 (1)
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(a) 2WikiMQA
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| Golden Reasoning Step 3 (38)

Checking Step 4 (21)
Checking Step 5 (12)
Checking Step 6 (4)—=

Checking Step 8 (2)—~
Checking Step 7-(1)

(b) MuSiQue

Golden Reasoning Step 4 (6)

Figure 5: Correspondence between Golden Reason-
ing Step and Checking Step. We use QwQ-32B as the
reasoning model, Llama-3.3-70B-Instruct as the recog-
nition and correction model. The experiments are con-
ducted in the 2WikiMQA and MuSiQue datasets.

ing clear superiority over all competing methods in
terms of both efficiency and effectiveness.

5.5 Characteristics of Correction Behavior

This experiment aims to analyze when factual er-
rors in multi-hop reasoning are detected and cor-
rected by our method using the GPT-40 model,
relative to the golden reasoning steps.

As depicted in Figure 5, Golden Reasoning Step
k denotes the k-th hop in the golden reasoning
chain, while Checking Step j indicates that our
method successfully identifies and corrects the er-
ror at its j-th checking iteration. The observed
trend shows that corrections predominantly occur
at early checking steps (Steps 1-2), indicating ef-
fective early interception of factual errors rather
than their propagation through the reasoning chain.

Despite its higher reasoning complexity,
MuSiQue still exhibits a clear tendency toward
early correction. While Checking Step 1 remains
dominant, errors arising from later oracle steps
are primarily resolved at intermediate stages
(Steps 2—4), with deep checking being rare. This
indicates that the method consistently corrects
factual errors at early stages, even under more
challenging multi-hop reasoning tasks. These
results demonstrate that our method performs
early, targeted, and efficient error correction, rather
than relying on deep search or repeated post-hoc
refinement.

6 Conclusion

In conclusion, we present CheckRLM, a frame-
work that tackles factual errors in RLMs for
knowledge-intensive tasks. CheckRLM enhances
reasoning reliability by proactively recognizing
and correcting factual inconsistencies during in-
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ference via RAG. It extracts factual claims, locates
errors against external knowledge, and performs
precise, low-cost corrections. Experiments demon-
strate that CheckRLM significantly outperforms
existing baselines, mitigates error accumulation in
long-horizon reasoning, and reduces temporal and
computational costs, advancing towards more ac-
curate and efficient knowledge-reliant reasoning.

Limitations

Although CheckRLM has successfully achieved
real-time intervention of external knowledge for
reasoning verification, this study still has certain
limitations, mainly reflected in two aspects. First,
the current mechanism focuses on utilizing pure
textual knowledge sources and has not yet been
extended to the collaborative verification of mul-
timodal information. Second, the framework is
currently optimized only for a single knowledge
base and does not explore the complex coordination
and conflict resolution mechanisms across multiple
heterogeneous knowledge bases. Future research
could delve into the directions of multimodal fusion
and dynamic integration of multi-source knowl-
edge to build a more general and robust reasoning
verification framework.
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A Details of DPO Training Data
Construction

We randomly select 2500 samples from the
2WikiMQA training set to build our DPO training
dataset Dppo, which comprises two subsets: train-
ing data for knowledge claim recognition Dkcr
and training data for knowledge coherence correc-
tion Dkcc. The statistics of all DPO training data
are presented in Table 3.

A.1 DPO Training Data for Knowledge Claim
Recognition

Observing that knowledge corrections primarily
occur in the initial steps of the reasoning process,
we only sample data from the first three reason-
ing chain units to efficiently obtain high-quality
data. For a given sample, we input the original
question ¢, the current reasoning chain unit 7,
and the recognition instruction template Instruct,
into M. to sample a set of knowledge claims
y$13m - To balance diversity and accuracy in the

Dpro
5311

Dkcc
2960

Dkcr
2351

# Sample

Table 3: Statistics of DPO Training Data.

generated samples, we set different decoding hy-
perparameters, namely temperature and top_p, to
specific values of 0.1, 0.5, and 0.9. They control
the generation of a candidate answer set J§1aim =
{yslaim yelaim _yelaimy “where n € NT denotes
the number of candidate answers. Recent studies
have demonstrated that annotations from advanced
models can achieve high alignment with human
judgments (Liu et al., 2023; Fu et al., 2024). We
utilize GPT-40-mini to annotate positive and nega-
tive examples yf ™ and 4¢™™C within the candi-
date answer set. The resulting training data Dgcr

can be represented as {z, yf ", yeAmOY

A.2 DPO Training Data for Knowledge
Coherence Correction

For training data Dkcc, the settings for decod-
ing hyperparameters remain the same as above.
Since the quality of retrieved documents is pos-
itively correlated with the quality of knowledge
claims, we use the positive example 7™ for
document retrieval. The retrieved document set
Dt+ , the current reasoning chain unit r¢, and the
correction instruction template Instruct. are then
fed into M. to generate a candidate answer set
Ri = {7ty Tty -y Tt, }, where n € NT is the num-
ber of candidate answers. Similarly, we employ
GPT-40-mini to annotate positive and negative ex-
amples 7, and 7, and construct the DPO training
data for knowledge coherence correction, denoted
as {z¢, 7,7, }. We then use the positive example
7, to form the reasoning chain R of the RLM to
generate the next reasoning chain unit 744 1.

B Prompt Details

This section presents the prompt templates em-
ployed for both inference and DPO training. For
inference, we provide prompts for Direct Reason-
ing, Vanilla RAG, knowledge claim recognition,
knowledge coherence correction and correction be-
havior analysis. In particular, the reasoning prompt
used in CheckRLM is identical to the direct reason-
ing. For DPO training, we supply corresponding
prompts for evaluating knowledge claim recogni-
tion and knowledge coherence correction.
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B.1 Direct Reasoning Prompt

Direct Reasoning Prompt

Please reason step by step, and put your final answer within
\boxed{}. Only give me the answer and do not output any
other words.

Question: {question}

B.2 Vanilla RAG Prompt

Vanilla RAG Prompt

Answer the question based on the given passages. Please
reason step by step, and put your final answer within
\boxed{}. Only give me the answer and do not output
any other words.

The following are given passages:

{refs}

Question: {question}

~
\_

B.3 CheckRLM Prompt

Knowledge Claim Recognition Prompt

Task: Extract only explicit factual claims from the Reason-
ing Process that are helpful to answering the Question. The
Reasoning Process contains factual information useful for
addressing the Question. Your task is to identify, extract,
and summarize these relevant facts into clear factual claims.
The factual claims must be based on the Reasoning Process;
NEVER add any new content by yourself. Try to avoid two
factual claims that have similar meaning. Output is a list of
strings. The output format is as follows:

["factual claim 1", "factual claim 2", ...]

Question: {question}

Reasoning Process: {reasoning}

Factual Claim List:

Knowledge Coherence Correction Prompt

|(
.

Task: Based on the retrieved documents, check and correct
factual errors in the Reasoning Process. You will receive
several retrieved documents and the Reasoning Process.
The retrieved documents may contain information relevant
to the Reasoning Process. Your task is to filter the relevant
information from the retrieved documents and verify the
correctness of the factual information in the Reasoning
Process. Follow these rules:

1. If the factual information in the Reasoning Process is
correct, only output the original Reasoning Process.

2. If the factual information in the Reasoning Process is
incorrect, make the minimal necessary corrections to fix the
error without altering the structure or flow of the Reasoning
Process.

3. If the retrieved documents do not contain any relevant
information, only output the original Reasoning Process.
NEVER add any supplementary information from the re-
trieved documents. Only correct factual errors when nec-
essary. Only give me your modified reasoning process and
do not output any other words.

Retrieved documents: {refs}

Reasoning Process: {reasoning}

Provide your modified reasoning process:

G J

B.4 Correction Behavior Prompt

Correction Behavior Prompt

Task: Label Effective Correction Steps
You are a data annotation expert tasked with identifying
which refinement steps successfully introduce key content
from the correct reasoning chain.
Requirements:
1. Examine the “original think” and “refine think™ content
of each step one by one.
2. If “original think” content contains the key step from the
correct reasoning chain, output the correct reasoning step
number and -1.
3. If the “refine think” content contains any key step from
the correct reasoning chain, output the correct reasoning
step number and the step number of the modified content.
4. If multiple steps contain the same key step, only record
the earliest occurrence.
Output Rules:
1. Output format: [{“Correct Reasoning Step Number’:
“First Modefied Number”}]
2. Do not include any explanations or additional text. Only
output the list.
Input:
Question: {query}
Correct Reasoning Chains: {golden_reasoning_steps}
Modification Records: {think_refine_detail }

. J

B.5 DPO Evaluation Prompt

Knowledge Claim Recognition Evaluation

Prompt

Task: Evaluate factual claim lists generated based on a
Reasoning Process and Question. Your task is to select
the best factual claim list and the worst factual claim list
according to Quality criteria strictly. Quality criteria refer
to:

1. Relevance: each factual claim in the factual claim list is
relevant to the Question and Reasoning Process, note that if
there is no factual claim in Reasoning Process, just output
[] but not similar sentences such as “there is no related
information” or “the reasoning process does not contain
any factual claim”;

2. Specificity: each factual claim in the factual claim list is
clear, avoiding unclear pronoun;

3. No redundancy: The correct factual claim list format
is just one list of strings, no multiple lists or explanatory
Notes.

Output Rules:

1. JSON format: {“best_id”: <id of the factual claim list
that fully meets all Quality criteria above>, “worst_id”:
<id of the factual claim list that violates the most Quality
criteria>};

2. If there is a minimal quality difference between the best
factual claim list and the worst factual claim list or there is
no worst factual claim, assign the same id to both best_id
and worst_id;

3. If no factual claim list meets all the Quality criteria
above, return an empty object { }

4. Do not include any explanations or additional text.
Question: {question}

Reasoning Process: {reasoning}

Generated factual claim lists: {check_responses}

38416



Knowledge Coherence Correction Evalua-

tion Prompt

Task: Evaluate refined reasoning processes based on quality

criteria strictly and identify the best and the worst refined

reasoning processes. Quality criteria refer to:

1. Structural Integrity: strictly preserves the original rea-

soning process structure. Do not add any other supplement

information at the end of the original reasoning process,

even if the supplement information is right. The refined

reasoning process contains negative sentences such as “the

retrieved documents do not contain related information” is

the worst;

2. Precise Corrections: Only modifies factually incorrect

content verified by retrieved documents.

3. Conciseness: No redundant text in the refined reasoning

process, including unnecessary prefixes, explanatory Notes,

and continuation after the original reasoning process, such

as “According to the retrieved documents”.

Output Rules:

1. JSON format: {“best_id”: <id of the refined rea-

soning process that fully meets all Evaluation Criteria>,

“worst_id”": <id of the refined reasoning process that vio-

lates the most Quality criteria>}

2. If there is a minimal quality difference between the best

reasoning process and the worst reasoning process or there

is no worst refined reasoning process, assign the same id to

both best_id and worst_id

3. If no refined reasoning process meets all Evaluation

Criteria above, return an empty object {}

4. Do not include any explanations or additional text.

Retrieved documents: {refs}

Original reasoning process: {think}

Generated refined reasoning processes: {refine_responses }
N\ J

C Additional Experimental Results

C.1 Overall Performance of CheckRLM

The Table 4 presents overall results of various
RLMs and recognition and correction models. By
combining reasoning models and recognition and
correction models of varying parameter sizes, we
find that CheckRLM consistently achieves bet-
ter performance than both Direct Reasoning and
Vanilla RAG across all datasets, demonstrating the
generality and robustness of CheckRLM.

C.2 Knowledge Recognition and Correction
Optimization

The Table 5 presents all results of CheckRLM with
DPO training. Using the Qwen2.5-14B-Instruct
model as the backbone, we conduct experiments
across different reasoning models and datasets. The
results show that DPO training outperforms Infer-
ence Only in almost all cases, demonstrating the
effectiveness and stability of our constructed train-
ing data pipeline and training.

To further analyze the impact of different data
compositions, we conduct additional experiments
(Table 6) and find that DPO training on the com-

bined data Dgcr+Dxcc outperforms training on
single-type data, demonstrating the effectiveness
of both Dkcr and Dkcc. Furthermore, the per-
formance improvement brought by Dkcr is more
pronounced in most cases, which can be attributed
to the fact that higher-quality factual claims enable
the correction model to rectify factual errors more
accurately.

C.3 Constrained Ablation Study

In the constrained ablation study, given the high
interdependence between the In-Process Knowl-
edge Claim Recognition and Localized Knowledge
Coherence Correction modules that prevent their
complete removal, we apply the simplest versions
of both modules and conduct experiments across
various models. The experimental results, as shown
in the Table 7, demonstrate the importance of both
modules within the CheckRLM framework.

C.4 Post-reasoning Check vs. In-reasoning
Check

The Table 9 compares the complete results of
Post-reasoning Check and In-reasoning Check un-
der various combinations of RLMs and recognition
and correction models. The In-reasoning Check re-
sults outperform the Post-reasoning Check method
across all experimental settings, demonstrating the
superiority of CheckRLM.

C.5 Effect of the Retrieved Summary
Injection on Reasoning

The goal of CheckRLM correction is to correct er-
rors in the reasoning chain with minimal cost, while
preserving the original distribution of the reasoning
model as much as possible. Our observations indi-
cate that the reasoning model itself exhibits a clear
and coherent problem-solving approach, and that
incorporating additional information may interfere
with its inherent reasoning logic. To investigate this
phenomenon, we design a comparative experiment
that injects summarized retrieved information into
the reasoning chain during error correction.

The experimental results are presented in the
Table 8. We observe that adding more relevant in-
formation alongside factual error correction leads
to a decline in performance. Additionally, we find
that when no relevant documents are retrieved dur-
ing the reasoning process, the correction model
tends to append statements such as “The retrieved
documents do not provide any useful information...”
to the summary. This can mislead the reasoning
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Figure 6: Correction step distribution in 2WikiMQA.

model into assuming that the problem is unsolvable,
causing it to halt exploration and directly output
an incorrect answer with no response, thereby re-
ducing system robustness. Therefore, it is more
effective for CheckRLM to minimally revise the
reasoning chain rather than injecting summarized
retrieved information directly into it.

C.6 Effect of Different Retrievers

The Table 10 presents the impact of two differ-
ent retrievers, the sparse retriever BM25 and the
dense retriever bge-large-en-v1.5, on the Check-
RLM framework. It can be observed that bge-large-
en-v1.5 yields better performance than BM25. Fur-
thermore, CheckRLM significantly outperforms
both Direct Reasoning and Vanilla RAG across
both retrieval settings, demonstrating the robust-
ness of our proposed method.

C.7 Cost-Efficient Reasoning Results

Table 11 and Table 12 present more results of Cost-
Efficient Reasoning.

C.8 Correction Step Distribution

We use QwQ-32B as the reasoning model and
Llama-3.3-70B-Instruct as the recognition and cor-
rection model. Figures 6 and 7 present the dis-
tribution of correction steps for CheckRLM on
2WikiMQA and MuSiQue.

Across both datasets, these distributions exhibit
a strong concentration on early checking steps, par-
ticularly Step 2-5, indicating that most factual in-
consistencies are corrected promptly after they are
introduced. This pattern suggests that CheckRLM
effectively intercepts errors at an early stage of
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Figure 7: Correction step distribution in MuSiQue.

the reasoning process, preventing erroneous knowl-
edge from being propagated to subsequent rea-
soning steps. Notably, deeper correction steps
occur only rarely, even on MuSiQue, which in-
volves more complex and intertwined multi-hop
reasoning. This observation implies that the check-
ing mechanism does not degenerate into excessive
late-stage corrections, but instead resolves most er-
rors before they accumulate and compound. Over-
all, these results highlight that the effectiveness of
CheckRLM stems from early and timely correc-
tion, which plays a critical role in mitigating errors
accumulated in long-step reasoning.

D Case Study

Tables 13, 14, 15 present three cases based on the
same question, comparing the outputs of Direct
Reasoning, CheckRLM with Post-reasoning Check,
and CheckRLM with In-reasoning Check.

Given the question “When was the director of the
film Slap Her... She’s French born?”, the correct
reasoning process should first identify the direc-
tor’s name and then infer the birth date. RLM Di-
rect Reasoning incorrectly identifies the director’s
name, and this error propagates to the subsequent
step of determining the birth date, leading to an in-
correct final answer. Both Vanilla RAG and Check-
RLM Post-reasoning Check correctly identify the
director’s name; however, they also produce an in-
correct final answer due to the absence of retrieved
document segments with the director’s birth date.

In contrast, CheckRLLM via In-reasoning Check
corrects the director’s name from “David Zucker”
to the correct “Melanie Mayron” in Step 1, and
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it then revises Melanie Mayron’s birth date from
the erroneous “July 21, 1968” to the correct “Oc-
tober 20, 1952 in Step 2, ultimately arriving at
the right answer. This illustrates the necessity of
timely error correction and demonstrates the effec-
tiveness of CheckRLM and its In-reasoning Check
strategy. Moreover, we observe that the correction
model can supplement relevant knowledge perti-
nent to the question sometimes while correcting
erroneous information, significantly streamlining
the reasoning process and enabling more efficient
inference.
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Multi-hop Short-form

Method HotpotQA 2WikiMQA MuSiQue IIRC SimpleQA Avg.

f1 em f1 em f1 em fl em fl em
OwQ-32B
Direct Reasoning 384 290 346 284 185 74 248 214 105 4.6 21.8
Vanilla RAG 5277 422 464 426 193 100 25.0 220 314 242 31.6
CheckRLM

- Check@Qwen-3-8B 599 474 599 50.6 29.0 17.8 29.0 254 334 252 378
- Check@Qwen-2.5-14B 61.6 48.6 655 54.8 333 212 30.7 260 36.0 273 40.5
- Check@Qwen-2.5-32B 594 46.6 66.3 56.6 33.1 198 309 262 340 252 398
- Check@Llama-3.3-70B 66.3 52.6 734 62.0 39.6 27.2 33.1 29.0 40.0 304 454

Owen3-32B

‘Direct Reasoning 364 27.6 340 294 166 6.6 230 202 95 24 206
Vanilla RAG 512 41.0 445 418 19.7 104 225 198 293 228 30.3
CheckRILM

- Check@Qwen-2.5-14B 57.0 46.8 629 502 299 200 265 232 342 262 37.7
- Check@Llama-3.3-70B 64.2 52.0 70.8 60.8 35.6 254 31.6 27.8 39.1 30.6 43.8

Owen3-8B

‘Direct Reasoning 293 222 31.1 266 129 52 210 182 7.7 28 177
Vanilla RAG 445 352 409 384 138 6.0 19.8 168 294 23.0 268
CheckRILM

- Check@Qwen-2.5-32B 56.3 45.0 60.0 50.0 282 18.0 25.0 222 33.0 262 364
- Check@Llama-3.3-70B 61.9 49.6 69.7 58.6 35.0 24.0 29.7 254 35.7 28.6 41.8

Table 4: Comprehensive benchmark results (%) using different RLMs paired with various recognition and
correction models.

Multi-hop Short-form
Method HotpotQA 2WikiMQA  MuSiQue IIRC SimpleQA
fl em fl em fl em fl em fl em

_ Reasoning: QwQ-32B & Checking: Qwen-2.5-148 _ __________________.
VanillaRAG 527 422 464 426 193 100 250 220 314 242
Inference Only  61.6 48.6 655 548 333 212 307 260 360 273

DPO Training 63.2 50.0 71.2 584 36.2 22.0 322 28.0 369 28.0

_Reasoning: Qwen3-32B & Checking: Qwen-2.5-148
Vanilla RAG 512 410 445 418 197 104 225 198 293 228
Inference Only 57.0 46.8 629 502 299 200 265 232 342 262

DPO Training 61.3 48.6 653 54.8 32.7 20.2 31.0 26.6 36.1 28.8

_ Reasoning: DeepSeek-R1-Distill-Llama-70B & Checking: Qwen-2.5-14B
Vanilla RAG 56.1 430 494 444 251 146 26.1 226 320 250
Inference Only 60.9 474 64.1 534 323 208 29.0 230 359 279

DPO Training 62,7 49.2 65.7 544 31.7 200 312 26.0 368 278

Table 5: Results (%) of performance with DPO training.
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Multi-hop Short-form
Method HotpotQA 2WikiMQA  MuSiQue IIRC SimpleQA

f1 em f1 em f1 em f1 em f1 em

_Reasoning: QwQ-32B & Checking: Qwen-2.5-148
Dxcr Only 599 480 679 562 337 21.2 312 270 362 274
Dxcc Only 603 476 689 560 338 20.6 299 256 34.1 24.0

Dkcr+Dkcc 632 50.0 712 584 362 220 322 28.0 369 28.0

Table 6: Results (%) of performance with different training data compositions.

Multi-hop Short-form
Method HotpotQA 2WikiMQA  MuSiQue IIRC SimpleQA
f1 em f1 em f1 em f1 em f1 em
_Reasoning: Qwen3-8B & Checking: Qwen2.5-328 .
CheckRLM 563 450 60.0 50.0 282 18.0 25.0 222 33.0 26.2

- w/o Verification 453 368 544 470 20.1 108 242 208 243 17.0
- w/o Refinement 50.2 39.8 56.0 482 262 152 241 204 323 248

_Reasoning: QwQ-32B & Checking: Qwenz.5-148
CheckRLM 61.6 48.6 655 548 33.3 21.2 30.7 260 36.0 273
- w/o Verification 52.2 40.2 62.0 542 30.2 186 29.1 252 30.6 21.6

- w/o Refinement 58.0 454 642 53.0 29.7 18.6 282 23.0 333 258
Reasoning: QwQ-32B & Checking: Llama-3.3-70B

CheckRLM 66.3 52.6 734 620 39.6 272 331 29.0 40.0 304
- w/o Verification 62.9 504 72.6 60.8 394 260 33.0 28.6 37.7 284

- w/o Refinement 649 524 680 56.8 375 236 327 284 368 29.0

Table 7: All results (%) of constrained ablation study.

Multi-hop Short-form
Method HotpotQA 2WikiMQA  MuSiQue IIRC SimpleQA
fl em fl em f1 em f1 em fl em

_ Reasoning: QwQ-32B & Checking: Llama-3.3-70B

CheckRLM 66.3 526 734 620 396 272 331 29.0 40.0 304
-w/Summary 66.2 520 715 59.6 39.8 252 33.0 28.0 385 298

Table 8: Comparison (%) of CheckRLM with and without retrieved summary injection. “w/ Summary”
denotes injecting summarized retrieved information into the reasoning chain during correction.
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Multi-hop Short-form
Method HotpotQA 2WikiMQA  MuSiQue IIRC SimpleQA

f1 em f1 em f1 em f1 em f1 em

_Reasoning: Qwen3-8B & Checking: Qwen2.5-328
Post-reasoning Check 46.8 36.8 49.1 426 179 82 243 204 30.7 226
In-reasoning Check 563 450 600 50.0 28.2 18.0 25.0 222 330 26.2

% improv. 9.5 82 109 74 103 98 07 1.8 23 36
Reasoning: QwQ-32B & Checking: Qwen2.5-14B

“Post-reasoning Check  46.7 358 47.6 39.6 243 130 283 236 263 18.6
In-reasoning Check ~ 61.6 48.6 655 54.8 333 212 307 260 360 27.3

% improv. 149 128 179 152 90 82 24 24 97 87
Reasoning: OwQ-32B & Checking: Llama-3.3-70B

 Post-reasoning Check  58.8  47.0 602 522 31.5 194 322 276 383 290
In-reasoning Check  66.3 526 734 620 39.6 27.2 331 29.0 40.0 304

% improv. 7.5 56 132 98 81 78 09 14 1.7 1.4

Table 9: Post-reasoning Check vs. In-reasoning Check. We compare the performance of CheckRLM with
Post-reasoning Check and In-reasoning Check.

Multi-hop
Method HotpotQA 2WikiMQA MuSiQue IIRC
f1 em f1 em fl em fl em

JQwo-2B

Direct Reasoning 384 29.0 34.6 284 185 7.4 248 214

Vanilla RAG 527 422 464 426 193 100 250 220

CheckRLM

BM25 663 526 734 620 39.6 272 331 29.0

bge-large-en-v1.5 652 51.8 743 638 40.1 260 357 31.0
(Qwen3:32B

Direct Reasoning 36.4 27.6 34.0 294 16,6 6.6 23.0 202

Vanilla RAG 512 41.0 445 418 197 104 225 198

CheckRLM

BM25 642 520 70.8 608 356 254 31.6 278

bge-large-en-v1l.5 67.7 542 742 634 39.6 260 343 29.8
(Qwen38B

Direct Reasoning 29.3 22.2 31.1 266 129 52 21.0 182

Vanilla RAG 445 352 409 384 138 6.0 198 16.8

CheckRLM

BM25 61.9 496 69.7 586 350 240 29.7 254

bge-large-en-v1.5 64.9 51.8 74.7 64.6 36.1 248 352 30.6

Table 10: Results (%) of different retrievers. We present the results of CheckRLM using Llama-3.3-70B-Instruct
as the recognition and correction model.
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Method # Tokens () Time (s) () f1(%) (1)

Direct Reasoning 910.9 1.8 34.6
Vanilla RAG 1684.0 4.0 46.4
Search-ol 2008.5 39 71.4

" Post-reasoning Check 14872 29 602
In-reasoning Check 1364.1 3.3 73.4

Table 11: Cost-Efficient reasoning results (%). We conduct experiments on the 2WikiMQA dataset, using
QwQ-32B as the reasoning model and Llama-3.3-70B-Instruct as the recognition and correction model.

Method # Tokens () Time (s) () f1(%) ()
Direct Reasoning 910.9 1.8 34.6
Vanilla RAG 1684.0 4.0 46.4
Search-o1 2008.5 3.9 71.4

" Postreasoning Check ~ 1496.7 42 . 476
In-reasoning Check 1082.8 2.0 65.5

Table 12: Cost-Efficient reasoning results (%). We conduct experiments on the 2WikiMQA dataset, using
QwQ-32B as the reasoning model and Qwen2.5-14B-Instruct as the recognition and correction model.
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Query: When was the director of film Slap Her... She’S French born?

Golden Reasoning Path: Slap Her... She’s French director Melanie Mayron -> Melanie
Mayron date of birth October 20, 1952

Answer: October 20, 1952.

 Direct Reasoning Output:

<think> Okay, I need to find out when the director of the film “Slap Her... She’s French” was
born. First, I should figure out who the director of that movie is. Let me recall... I think the
movie is from the 1980s. The title sounds familiar. Maybe it’s directed by someone like Jim
Abrahams? Wait, Jim Abrahams was part of the team that did the Police Academy movies.
Let me check that.
Alternatively, maybe it’s Mel Brooks? No, Mel Brooks did Blazing Saddles and Young
Frankenstein. Wait, Slap Her... She’s French, that sounds like a cult movie. Let me think again.
Oh, right, the director is Jim Abrahams. Wait, but I'm not 100% sure. Let me confirm. The
movie came out in 1975, I believe. The director is Jim Abrahams, but I should make sure.
Alternatively, maybe it’s his brother, David, or one of the other brothers? Wait, Jim Abrahams,
David Zucker, and Jerry Zucker? No, maybe not. Let me think again. The film “Slap Her...
She’s French” is a 1975 comedy. The director is indeed Jim Abrahams. Now, when was Jim
Abrahams born?

Jim Abrahams was born on February 25, 1940. Wait, but I need to confirm that. Let me
think. Jim Abrahams’ birth date. I might be mixing up with his brother David. Wait, David
Zucker was born in 1949. Hmm. Alternatively, maybe Jim Abrahams was born in 1940. Let
me see.

Alternatively, perhaps I can recall that he was part of the team that did the Airplane! movies,
but that’s more the Zucker-Abrahams team. Wait, Jim Abrahams was born in 1940. Let me
check in my mind. If the movie was 1975, and he was, say, in his mid-30s then, that would
make his birth year around 1940. So, I think the correct answer is February 25, 1940. So the
director, Jim Abrahams, was born on that date. I’'ll go with that. </think>

Answer: February 25, 1940

Vanilla RAG Output:

<think> Okay, I need to find out when the director of the film “Slap Her... She’s French” was
born. Let’s look at the given passages.

First, the film’s title is mentioned in two passages. Both say the film is directed by Melanie
Mayron and starring Piper Perabo. The title of the film is “Slap Her... She’s French,” which
was released in 2002. The question is about the director’s birth year, so I need to find
information related to Melanie Mayron.

Looking at the third passage about Jane McGregor, it states she was born in 1983 and lists her
roles, including “Slap Her ... She’s French” from 2002. However, Jane McGregor is an actress,
not the director. The director is Melanie Mayron, whose details aren’t provided in any of the
given texts. The passages don’t mention Melanie Mayron’s birth date. The only birth year
given here is Jane McGregor’s, but that’s irrelevant to the director. Since the information isn’t
present in the provided passages, the answer can’t be determined from the given data. The
user’s question might be expecting me to realize that the passages don’t include the director’s
birth year. </think>

Answer: Unknown

Table 13: Case Study I. This case illustrates the outputs of Direct Reasoning via RLM and vanilla RAG.
We use QwQ-32B as the backbone model for reasoning.
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Query: When was the director of film Slap Her... She’S French born?

Golden Reasoning Path: Slap Her... She’s French director Melanie Mayron -> Melanie
Mayron date of birth October 20, 1952

Answer: October 20, 1952.

* CheckRLM Post-reasoning Check Output:
Reasoning Output: <think> Okay, I need to find out when the director of the film “Slap
Her... She’s French” was born. First, I should figure out who the director of that movie is. Let
me recall... I think the movie is from the 1980s. The title sounds familiar. Maybe it’s directed
by someone like Jim Abrahams? Wait, Jim Abrahams was part of the team that did the Police
Academy movies. Let me check that.

Alternatively, maybe it’s Mel Brooks? No, Mel Brooks did Blazing Saddles and Young
Frankenstein. Wait, Slap Her... She’s French, that sounds like a cult movie. Let me think again.
Oh, right, the director is Jim Abrahams. Wait, but I'm not 100% sure. Let me confirm. The
movie came out in 1975, I believe. The director was Jim Abrahams, who was part of the Three
Amigos, along with David and Jerry. So Jim Abrahams is the director here. Now, when was he
born?

Jim Abrahams was born on... I think he was born in the 1930s or 1940s. Let me recall. David
and Jerry are his brothers, part of the comedy trio. Wait, Jim Abrahams was born on July 16,
1940. Let me see if that’s correct. Alternatively, maybe 1941. Hmm, I might need to
double-check. Wait, another way: if the movie was released in 1975, and he was in his 30s
then, that would make his birth year around 1940-1945. So 1940 seems right. I think that’s
correct. So the answer should be July 16, 1940. </think>

Factual Claim:

1. Jim Abrahams is the director of the film *Slap Her... She’s French’.

2. Jim Abrahams was born on July 16, 1940.

Refine Output: <think> Okay, I need to find out when the director of the film “Slap Her...
She’s French” was born. First, I should figure out who the director of that movie is. Let me
recall... I think the movie is from the 2000s. The title sounds familiar. Maybe it’s directed by
someone like Jim Abrahams? Wait, Jim Abrahams was part of the team that did the Police
Academy movies. Let me check that.

Alternatively, maybe it’s Mel Brooks? No, Mel Brooks did Blazing Saddles and Young
Frankenstein. Wait, Slap Her... She’s French, that sounds like a cult movie. Let me think again.
Oh, right, the director is Melanie Mayron. Wait, but I'm not 100% sure. Let me confirm. The
movie came out in 2002, I believe. The director was Melanie Mayron. Now, when was she
born?

I do not have the exact birth date of Melanie Mayron from the provided documents.
However, based on the information that the movie was released in 2002 and considering she
was likely in her early career or mid-career at that time, I would need to look up her birth year
elsewhere. For the purpose of this reasoning process, I will not provide a specific birth date as
it is not available in the given documents. </think>

Answer: 1965

Table 14: Case Study II. This case illustrates the output of CheckRLM via Post-reasoning Check. We
use QwQ-32B as the reasoning model and Llama-3.3-70B-Instruct as the recognition and correction
model.
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Query: When was the director of film Slap Her... She’S French born?
Golden Reasoning Path: Slap Her... She’s French director Melanie Mayron -> Melanie
Mayron date of birth October 20, 1952
Answer: October 20, 1952.

* CheckRLM In-reasoning Output:
Step 1:
Reasoning Output: <think> Okay, I need to find out when the director of the film “Slap
Her... She’s French” was born. First, I should figure out who the director of that movie is. Let
me recall... I think the movie is from the 1980s. The title sounds familiar. Maybe it’s directed
by someone like David Zucker? Wait, the Zucker-Abrahams-Zucker team did a lot of
comedies around that time. Let me confirm.
Factual Claim:
1. The movie ’Slap Her... She’s French’ is from the 1980s.
2. The Zucker-Abrahams-Zucker team directed many comedies around that time.
Refine Output: <think> Okay, I need to find out when the director of the film “Slap Her...
She’s French” was born. First, I should figure out who the director of that movie is. Let me
recall... The movie is from 2002, not the 1980s. The title sounds familiar, but it’s not directed
by someone like David Zucker. The movie is directed by Melanie Mayron. Let me confirm
Melanie Mayron’s birth date.
Step 2:
Reasoning Output: Wait, I think Melanie Mayron was born on July 21, 1968. I should
double-check that. Alternatively, maybe I’'m mixing her up with someone else. Let me see...
Another thought: sometimes people confuse the director with the cast. The film’s cast includes
actors like Adam Goldberg, but the director is definitely Melanie Mayron.
Factual Claim:
1. Melanie Mayron is the director of the film Slap Her... She’S French.
2. Melanie Mayron was born on July 21, 1968.
Refine Output: Wait, I think Melanie Mayron was born on October 20, 1952. I should
double-check that. Alternatively, maybe I’'m mixing her up with someone else. Let me see...
Another thought: sometimes people confuse the director with the cast. The film’s cast includes
actors like Piper Perabo, but the director is definitely Melanie Mayron.
Step 3:
Reasoning Output: So, Melanie Mayron’s birth date is October 20, 1952. So the answer
should be October 20, 1952. I'll make sure there’s no conflicting info. Another check: if I
remember correctly, she was born in 1952. Yeah, that seems right. So the director’s birth date
is 1952-10-20. </think>
Factual Claim:
1. Melanie Mayron’s birth date is October 20, 1952.
2. The director of the film Slap Her... She’S French is Melanie Mayron.
Refine Output: So, Melanie Mayron’s birth date is October 20, 1952. So the answer should be
October 20, 1952. I’'ll make sure there’s no conflicting info. Another check: if I remember
correctly, she was born in 1952. Yeah, that seems right. So the director’s birth date is
1952-10-20. </think>
Answer: October 20, 1952

Table 15: Case Study III. This case illustrates the output of CheckRLM via In-reasoning Check. We use
QwQ-32B as the reasoning model and Llama-3.3-70B-Instruct as the recognition and correction model.
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