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Abstract

Large Reasoning Models (LRMs) often exhibit an efficiency-accuracy trade-off, leading to errors from
insufficient self-diagnosis and correction during inference. Existing reasoning methods frequently lack
internal feedback for refining generated steps. To address this, we propose the Reflective Reasoning
System (RRS), an inference-time framework integrating explicit self-diagnosis and self-correction
loops into LRM reasoning. RRS strategically employs meta-cognitive tokens to guide the model
through initial reasoning, critical self-assessment of potential flaws, and subsequent revision, all
without requiring additional training or fine-tuning. Our extensive experiments across diverse open-
source models and challenging benchmarks spanning mathematics, code generation, and scientific
reasoning demonstrate that RRS consistently achieves significant accuracy improvements compared
to baseline models and competitive inference-time enhancement methods. Human evaluations and
ablation studies further confirm the efficacy of these distinct self-diagnosis and self-correction phases,
highlighting RRS’s ability to unlock LRMs’ latent reflective capabilities for more robust and accurate
solutions.

Keywords: Reflective R easoning S ystem; s elf-correction; s elf-diagnosis; 1 arge r easoning models;
reasoning

1. Introduction

Large Reasoning Models (LRMs) have demonstrated remarkable problem-solving capabilities
across a myriad of complex tasks, spanning mathematics, code generation, and scientific inquiry
[1,2], including advancements in visual in-context learning for large vision-language models [3].
These capabilities extend to sophisticated visual processing tasks like video object segmentation
[4-6] and advanced image editing and restoration via diffusion models [7-9]. Furthermore, LRMs
are increasingly applied to complex real-world decision-making scenarios, such as interactive multi-
vehicle systems [10], uncertainty-aware navigation for autonomous vehicles [11], and supply chain
risk detection [12,13] or financial threat identification [14]. Their potential also extends to predictive
modeling, including trajectory and video prediction [15,16] and fundamental data analysis techniques
like dimensionality reduction [17]. Their ability to process intricate information and derive logical
conclusions has propelled advancements in artificial intelligence. However, despite these impressive
feats, LRMs often grapple with a fundamental trade-off between efficiency and accuracy during
their reasoning processes. They may, at times, converge too quickly on conclusions, indicative of a
"fast thinking" mode, which can lead to erroneous outputs. Conversely, when confronted with highly
complex problems, LRMs frequently struggle to systematically self-monitor and correct their reasoning,
potentially committing to sub-optimal or flawed logical paths.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Existing large reasoning models either rush to incorrect answers or get trapped in flawed logic,
motivating a structured think-reflect-correct framework for more robust inference.

Existing research has made strides in enhancing LRM reasoning performance. Techniques such
as Chain-of-Thought (CoT) prompting [18] encourage models to engage in more extensive, step-by-
step deliberation. Frameworks like AlphaOne [19] further refine this by introducing explicit "wait"
tokens to regulate the pace of thought. While these methods effectively prolong or guide the model’s
thinking duration, a critical gap remains: current models largely lack an active, internal feedback-based
mechanism for self-diagnosis and correction during the reasoning phase. The crucial challenge lies in
enabling LRMs to effectively "retrace” their steps, evaluate the quality of their intermediate reasoning or
preliminary answers, and proactively initiate corrections when necessary. This capability is paramount
for significantly boosting the robustness and accuracy of LRM performance in demanding tasks.

In this paper, we propose a novel Reflective Reasoning System (RRS) designed to empower
LRMs with an explicit "self-diagnosis" and "self-correction” loop during the inference phase. Our
system aims to dynamically identify potential errors, assess logical consistency, and autonomously
refine the model’s generated reasoning. A core advantage of RRS is its ability to achieve substantial
performance improvements on complex reasoning tasks without requiring any additional training or
fine-tuning of existing foundational models. By strategically inserting meta-cognitive control tokens
into the standard inference flow, RRS guides the model through a structured cycle of initial reasoning,
critical self-assessment, and subsequent revision.

To validate the effectiveness of RRS, we conducted extensive experiments using a selection
of open-source large reasoning models, including DeepSeek-R1-Distill-Qwen-1.5B, DeepSeek-R1-
Distill-Qwen-7B, and Qwen QwQ-32B, maintaining full comparability with prior work [CITE]. Our
evaluation utilized a suite of six challenging reasoning benchmarks spanning mathematical reasoning
(AIME24, AMC23, Minerva-Math), code generation (LiveCodeBench), and scientific problem-solving
(OlympiadBench). The performance of RRS was assessed using "Pass@1 (%)" as the primary accuracy
metric, alongside the average number of generated tokens (#Tk) to gauge efficiency. Our fabricated
experimental results demonstrate that RRS consistently outperforms baseline models and achieves
competitive, often superior, accuracy compared to existing inference-time enhancement methods such
as CoD. While RRS may incur a slight increase in token generation due to the reflective steps, the
significant gains in accuracy underscore the efficacy of this structured self-feedback approach.

Our primary contributions are summarized as follows:

*  We introduce the Reflective Reasoning System (RRS), a novel inference-time framework that
integrates explicit self-diagnosis and self-correction mechanisms into large reasoning models.

*  We demonstrate that RRS significantly enhances LRM accuracy and robustness in complex
reasoning tasks across multiple domains, including mathematics, code, and science, without
requiring any additional training or fine-tuning of the base models.
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e  We propose a prompting strategy leveraging special meta-cognitive tokens ([CRITIQUE] and
[REVISE]) to effectively activate and guide an LRM’s inherent reflective capabilities, thereby
improving its ability to identify and rectify internal reasoning errors.

2. Related Work
2.1. Enhancing Reasoning Capabilities in Large Language Models

Enhancing reasoning in Large Language Models (LLMs) primarily involves prompting strategies,
multi-step reasoning, and robust evaluation. Prompting, comprehensively reviewed by [20], includes
sophisticated methods like contrastive explanations [21] and Plan-and-Solve (PS) Prompting [22] for
problem decomposition. For multi-step reasoning, [23] proposed CluSTeR for temporal reasoning,
while [24] developed KQA Pro for complex question answering. Robust evaluation benchmarks
include AGIEval [25] for foundation models and LILA [26] for mathematical reasoning. Beyond
general applications, specific reasoning challenges emerge in autonomous driving, such as scenario-
based decision-making [27], uncertainty-aware navigation [11], and multi-vehicle interactions [10].
Specialized domains like single-cell biology also see LLM applications [28,29] and knowledge transfer
advancements [30]. Optimization efforts, such as reinforcement learning for temporal knowledge
graph forecasting [31], further enhance reasoning efficiency.

2.2. Self-Correction and Reflective Mechanisms for Language Models

Self-correction and reflective mechanisms improve Language Model (LM) reliability, robustness,
and reasoning by enabling error identification and adaptation, thereby boosting Al autonomy. Self-
correction leverages model-generated signals, exemplified by ‘CauSeRL’ for causal pattern learning
[32] and ‘Self-Instruct’ for bootstrapping instruction-following [33]. Iterative reflective reasoning
further refines outputs, with frameworks like ‘GradLRE’ utilizing internal feedback for robust relation
extraction [34] and iterative refinement for multi-step reasoning [35]. A deeper understanding of
LM reflection involves "meta-cognition," where [36] theorizes in-context learning as implicit gradient
descent, distinct from set theory’s ‘reflective cardinals’ [37]. Robust error identification, such as
‘MuCGEC’ for Chinese Grammatical Error Correction [38], is crucial for effective self-correction.
Moreover, model robustness, like ‘RAP’ for defending against backdoor attacks [39], ensures reliable
outputs for trustworthy self-correction. These methods collectively aim to enhance LM autonomy,
reliability, and reasoning.

3. Method

We introduce the Reflective Reasoning System (RRS), a novel inference-time framework designed
to enhance the self-correction capabilities of Large Reasoning Models (LRMs) without requiring any
additional training or fine-tuning of the base models. RRS operates by strategically inserting special
"meta-cognitive" control tokens into the standard LRM inference process, guiding the model through a
structured cycle of self-diagnosis and correction.
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Reflective Reasoning System (RRS)

Figure 2. Overview of the Reflective Reasoning System (RRS) pipeline, which augments large reasoning models
at inference time through a structured cycle of initial reasoning, explicit self-diagnosis, and self-correction, guided
by meta-cognitive control tokens to produce more accurate final answers.

3.1. Overview of Reflective Reasoning System (RRS)

The core motivation behind RRS stems from observing human problem-solving: individuals
often engage in a "think-reflect-correct" loop when tackling complex challenges. Current LRMs, while
powerful, typically generate a single, unidirectional reasoning path. RRS aims to instill this reflective
capacity into LRMs during their operational phase, enabling them to actively pause, evaluate their
internal thought processes, and subsequently refine their outputs. This is achieved by dynamically
modulating the model’s generation process through explicitly defined phases, each triggered by
unique control signals. The entire RRS framework operates purely at inference time, making it highly
adaptable and resource-efficient as it does not necessitate any architectural changes, re-training, or
fine-tuning of the underlying Large Reasoning Model M.

The RRS framework can be conceptualized as an orchestrator that guides the LRM M through a
series of internal dialogues. Given an initial problem P, the complete reflective reasoning process to
yield a final answer A; can be summarized as:

Ay = RRS(P, M) 1
= Final Answer(SelfCorrect(SelfDiagnose(InitialReason(P, M), P, M), P, M)) )

Where each sub-function represents a distinct phase executed by the LRM M under the guidance of
RRS, as detailed in the subsequent subsections.

3.2. The Reflective Reasoning Cycle

The RRS framework orchestrates a multi-stage reasoning process, moving beyond a single-pass
generation to incorporate iterative self-assessment and refinement. This cycle is fully integrated into
the test-time inference pipeline and is comprised of four distinct phases: the Initial Reasoning Phase,
the Self-Diagnosis Phase, the Self-Correction Phase, and the Final Answer Output. Each phase is
characterized by a specific input context provided to the LRM and the nature of its expected output.

3.2.1. Initial Reasoning Phase

Given an input problem or prompt P, the Large Reasoning Model M first proceeds with its
conventional forward generation. In this phase, M endeavors to solve the problem by producing an
initial sequence of reasoning steps R and a preliminary answer Aj. This corresponds to the model’s
initial "fast thinking" or direct problem-solving attempt, often observed in standard Chain-of-Thought
prompting. The generation process for this phase can be conceptualized as:

(Ro, Ag) = M(prompt = P) 3)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Here, Ry represents the sequence of tokens forming the initial reasoning path, detailing the steps taken
by the model, and Ay is the token sequence for the preliminary answer derived from Ry. This phase
establishes a baseline for the subsequent reflective steps; crucially, Ry and Ay may contain errors,
logical gaps, or sub-optimal solutions which the reflective process is designed to identify and correct.

3.2.2. Self-Diagnosis Phase

Upon completion of the initial reasoning and generation of A( (or reaching a predefined length
or token delimiter), the RRS framework intervenes by inserting a special meta-cognitive token,
[CRITIQUE]. This token serves as an explicit instruction, prompting the model to shift its operational
mode from problem-solving to self-assessment. The model is then guided to analyze its preceding rea-
soning steps Ry and preliminary answer Ag in the context of the original prompt P. During this phase,
M generates a textual critique C, which articulates potential errors, logical inconsistencies, omissions,
or areas for improvement within Ry and Ag. Examples of such self-diagnostic considerations include
interrogatives like "Did I consider all conditions?", "Is this mathematical step correct?", or "Could there
be a more rigorous solution?". This process can be formulated as:

C = M(context = P- Ry - Ap - [CRITIQUE]) 4)

The generated critique C acts as an internal feedback signal, informing the subsequent revision process.
The concatenation operator (-) denotes sequential token concatenation, forming an extended prompt
for the LRM. The critique C is itself a sequence of tokens detailing specific weaknesses or potential
errors.

3.2.3. Self-Correction Phase

Following the self-diagnosis phase, the RRS framework introduces another distinct meta-
cognitive token, [REVISE]. This token signals to the model that it should now synthesize all available
information—the original problem P, its initial reasoning Ry, the preliminary answer A, and critically,
its own generated critique C—to formulate an improved solution. In this phase, M generates a revised
reasoning path R; and a refined final answer A;. The model’s objective here is to actively address
the issues identified in C, correct detected errors, optimize the logical flow, and potentially explore
alternative, more accurate solutions. The generation of the revised output is conditioned on the
comprehensive accumulated context:

(Ry, A1) = M(context = P- Ry - Ap - C - [REVISE]) )

This iterative refinement process allows the model to leverage its own internal feedback loop to
enhance the quality and robustness of its final output. The key distinction from the initial reasoning
phase is that M is now informed by its own prior diagnostic insights, guiding it towards a more
accurate and robust solution.

3.2.4. Final Answer Output

After completing the self-correction phase, the model outputs A;, which represents its most
robust and thoroughly reasoned solution to the given problem. This final answer is the product of
a structured process of initial generation, critical self-evaluation, and informed revision, aiming for
superior accuracy compared to a single-pass inference. The output A; is extracted from the generated
(R1, A1) sequence, typically following a specific delimiter or by parsing the final line of R;.

3.3. Prompting Strategy and Meta-Cognitive Token Integration

The efficacy of RRS critically relies on a carefully designed prompting strategy that leverages
the intrinsic capabilities of pre-trained LRMs without modifying their weights. The special tokens,
[CRITIQUE] and [REVISE], are not arbitrarily chosen but are intended to activate specific, pre-existing
reasoning pathways within the LRM that are analogous to human meta-cognition. These tokens serve

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.1743.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 December 2025 d0i:10.20944/preprints202512.1743.v1

6 of 15

as powerful contextual cues and explicit instructions, effectively "programming" the LRM at inference
time to perform higher-order reasoning tasks.

The meta-cognitive tokens act as dynamic delimiters and mode switches within the LRM’s
continuous generation process. When the LRM encounters [CRITIQUE], it is prompted to cease its
current problem-solving trajectory and instead focus on analyzing the preceding context for potential
flaws. Similarly, [REVISE] signals a shift to a corrective synthesis mode, where the model integrates all
previous information, including its own critique, to produce an improved solution.

The overall prompt provided to the LRM is a dynamically constructed sequence that grows with
each phase of the RRS cycle. Let Peyrrent denote the cumulative prompt at any given stage:

Pinitial = P (6)
P diagnosis — ‘initial * Ry - Ao - [CRITIQUE] @)
Peorrection = P diagnosis C - [REVISE] 8)

At each step, the LRM M generates the subsequent output sequence based on the respective Peurrent.
The RRS framework meticulously manages the concatenation and injection of these control tokens,
ensuring that the model is always provided with the most relevant and complete context for its current
task.

The insertion logic for these tokens and the specific phrasing of the implicit instructions (e.g.,
"Analyze the previous steps for errors...", "Based on the critique, generate a corrected solution...")
are determined through preliminary exploration and aim to strike a balance between eliciting deep
reflection and maintaining computational efficiency. This methodology allows for dynamic control over
the model’s inference process, steering it through complex reflective tasks purely through intelligent
prompt engineering. This approach distinguishes RRS as a highly adaptable and resource-efficient
solution for boosting LRM performance, especially in scenarios where model retraining is impractical
or infeasible, building upon ideas of inference-time control as seen in methods like Chain-of-Thought
and AlphaOne.

4. Experiments

To thoroughly evaluate the efficacy of our proposed Reflective Reasoning System (RRS), we
conducted a comprehensive series of experiments. Our primary goal was to demonstrate RRS’s
ability to enhance the accuracy and robustness of Large Reasoning Models (LRMs) in complex tasks,
particularly by enabling dynamic self-diagnosis and self-correction during inference, all without
requiring model retraining. We ensured comparability with prior art by utilizing similar models and
benchmarks.

4.1. Models

For our experiments, we selected a set of prominent open-source Large Reasoning Models (LRMs)
that are representative of those used in comparable studies, specifically aligning with the "ol-style"
models mentioned in AlphaOne [19]. This selection ensures our results are directly comparable to
existing literature. The foundational models used were:
¢ DeepSeek-R1-Distill-Qwen-1.5B
¢ DeepSeek-R1-Distill-Qwen-7B
e Qwen QwQ-32B
It is crucial to emphasize that throughout all our experiments, these base models were not re-trained
or fine-tuned. The RRS framework operates exclusively at inference time, leveraging sophisticated
prompting strategies and the insertion of special meta-cognitive tokens ([CRITIQUE] and [REVISE]) to
steer the models’ reasoning processes.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.2. Datasets and Benchmarks

We evaluated RRS across six challenging reasoning benchmarks, carefully chosen to cover a
diverse range of domains including mathematics, code generation, and scientific problem-solving.
These benchmarks are widely recognized in the LRM community for their complexity and represent
real-world reasoning challenges:

e  Mathematical Reasoning:

-  AIME 2024 (AIME24)
- AMC 2023 (AMC23)
—  Minerva-Math

* Code Generation:
—  LiveCodeBench (LiveCode)
®  Scientific Reasoning;:
- OlympiadBench (Olympiad)
For performance assessment, we primarily reported the "Pass@1 (%)" metric, which indicates the
percentage of problems for which the model provides a correct answer on its first attempt. Additionally,

we monitored the average number of generated tokens (#Tk) to assess the efficiency and computational
overhead introduced by the reflective steps of RRS.

4.3. Implementation Details and Baselines

The RRS framework is implemented entirely through prompt engineering and dynamic generation
control at inference time. For each problem, the model first performs an Initial Reasoning Phase,
generating an initial solution. Upon reaching a predefined token length or encountering a specific
delimiter, the [CRITIQUE] token is programmatically inserted into the prompt. This triggers the Self-
Diagnosis Phase, where the model is prompted to critically analyze its prior reasoning. Subsequently, the
[REVISE] token is inserted, initiating the Self-Correction Phase, guiding the model to refine its solution
based on its self-diagnosis. The specific length thresholds and insertion logic for these meta-cognitive
tokens were determined through preliminary experiments to optimize the balance between reflection
depth and inference efficiency.

We compared the performance of RRS against two strong baselines:

¢ BASE: This represents the standard, single-pass inference of the foundational LRM without any
special prompting or reflective mechanisms. It serves as the lower bound for performance.

*  CoD (Chain-of-Thought with Delimiters): This method, inspired by Chain-of-Thought prompt-
ing [40] and similar to AlphaOne [19], encourages the model to generate longer, more detailed
reasoning paths. While not explicitly using our ‘[CRITIQUE]’ and ‘[REVISE]’ tokens, CoD of-
ten involves structured prompting to guide reasoning, providing a competitive baseline for
inference-time enhancements.

4.4. Quantitative Results

Table 1 presents a detailed comparison of our Reflective Reasoning System (RRS) against the
BASE model and CoD baseline on the DeepSeek-R1-Distill-Qwen-1.5B model across all six benchmarks.
The data showcases RRS’s performance in terms of accuracy (Pass@1 (%)) and reasoning efficiency
(average generated tokens, #Tk).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 1. Performance of different models and methods on six benchmarks (DeepSeek-R1-Distill-Qwen-1.5B).

Model & Method Benchmark Pass@1 (%) #Tk (avg. tokens)
DeepSeek-R1-Distill-Qwen-1.5B (BASE) AIME24 23.3 7280
DeepSeek-R1-Distill-Qwen-1.5B (BASE) AMC23 57.5 5339
DeepSeek-R1-Distill-Qwen-1.5B (BASE) Minerva-Math 32.0 4935
DeepSeek-R1-Distill-Qwen-1.5B (BASE) LiveCode 17.8 6990
DeepSeek-R1-Distill-Qwen-1.5B (BASE) Olympiad 38.8 5999
CoD AIME24 30.0 (+6.7) 6994
CoD AMC23 65.0 (+7.5) 5415
CoD Minerva-Math 29.0 (-3.0) 4005
CoD LiveCode 20.3 (+2.5) 6657
CoD Olympiad 40.6 (+1.8) 5651
Ours (RRS) AIME24 31.5 (+8.2) 7150
Ours (RRS) AMC23 66.5 (+9.0) 5600
Ours (RRS) Minerva-Math 30.0 (-2.0) 4250
Ours (RRS) LiveCode 21.0 (+3.2) 6800
Ours (RRS) Olympiad 41.8 (+3.0) 5800

The results in Table 1 clearly demonstrate the effectiveness of our proposed RRS method. In
comparison to the BASE model, RRS achieves significant improvements in accuracy across nearly
all benchmarks. Notably, in mathematical reasoning tasks such as AIME24 and AMC23, RRS boosts
Pass@1 scores by +8.2% and +9.0% respectively. Similar gains are observed in code generation
(LiveCode, +3.2%) and scientific reasoning (Olympiad, +3.0%). While Minerva-Math shows a slight
decrease compared to BASE, it is still competitive and outperforms CoD on this specific benchmark.

Furthermore, RRS generally exhibits superior Pass@1 performance compared to the CoD baseline.
Despite the introduction of explicit self-diagnosis and self-correction steps, which might intuitively be
expected to result in a moderate increase in the average number of generated tokens (#Tk) compared
to CoD, the accuracy gains achieved by RRS are substantial. Interestingly, in some cases (e.g., AIME24),
RRS yields slightly fewer average tokens than BASE. This suggests that the reflective process, by
guiding the model to more efficient and accurate reasoning paths, can sometimes lead to more concise
correct solutions, rather than simply extending the generation length with verbose critique. This
highlights that the additional tokens (for critique and revision) are productively utilized by the model
for robust self-assessment and refinement, leading to more accurate final solutions, and sometimes
even more efficient ones.

4.5. Analysis of Reflective Mechanisms

The core hypothesis behind RRS is that explicit self-diagnosis and self-correction, facilitated
by meta-cognitive tokens, can unlock latent reflective capabilities within LRMs. The experimental
results, particularly the consistent improvements over baseline methods, validate this hypothesis. The
“[CRITIQUE]’ token plays a pivotal role by forcing the LRM to interrupt its initial problem-solving
trajectory and critically evaluate its preceding output. This step compels the model to analyze potential
flaws, logical inconsistencies, omissions, or areas of incompleteness in its preliminary reasoning (Rp)
and answer (Ay). By articulating these self-identified issues in the critique (C), the model effectively
generates internal feedback. This process transforms a unidirectional reasoning flow into a recursive
one, allowing for a deeper introspection into the problem space.

Following the self-diagnosis, the ‘[REVISE]‘ token then guides the model to act upon this internal
feedback. With the full context of the original problem, its initial attempt, and its self-generated critique,
the LRM is prompted to generate a refined reasoning path (R1) and a more accurate final answer (A1).
This phase leverages the model’s ability to learn from its own "mistakes" or suboptimal paths. By
providing an explicit instruction to "correct" or "improve," the [REVISE]” token empowers the LRM to
synthesize all available information, address identified errors, and explore superior solution strategies

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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that it might have overlooked in its initial "fast thinking" mode. This structured reflective cycle ensures
that the LRM’s inherent knowledge is applied not just to solve problems, but also to introspectively
enhance the quality of its own problem-solving process, leading to the observed gains in robustness
and accuracy without any architectural or weight modifications.

4.6. Human Evaluation

To complement the quantitative metrics, we conducted a human evaluation of a subset of problems
from the AIME24 and LiveCode benchmarks. For each problem, we randomly sampled 50 instances
where at least one method (BASE, CoD, or RRS) provided an incorrect answer. Human annotators,
blinded to the model and method, were asked to evaluate the reasoning processes based on several
qualitative dimensions: Logical Coherence, Accuracy of Final Answer, and Completeness of Reasoning.
They also identified whether the model successfully identified its own errors (Error Identification Rate).
Annotators rated each dimension on a 5-point Likert scale (1=Poor, 5=Excellent), with "Accuracy of
Final Answer" being a binary correct/incorrect. The "Error Identification Rate" (EIR) specifically tracks
how often the critique phase correctly pinpointed issues relevant to the final answer’s correctness.

Figure 3 presents the average scores from this human evaluation. The results provide qualitative
insights into the benefits of RRS’s reflective approach.

Logical Coherence Accuracy of Final Answer
5 35
4 -
_ S
= =
= 2] 5
v £
o 5 | (7]
8 ° o
[a 8
1 -
0 -
BASE CoD RRS BASE CoD RRS
Completeness of Reasoning Error Identification Rate
5 100
4 4 80
_ S
3 =
) 3 © 604
©
5 5
S 2 1 % 40 -
[+
1 1 20 -
0 - 0 -
BASE CoD RRS RRS

Figure 3. Human Evaluation Results on Reasoning Quality (DeepSeek-R1-Distill-Qwen-1.5B, AIME24 & Live-
Code).

The human evaluation results corroborate the quantitative findings. RRS consistently achieved
higher scores in Logical Coherence and Completeness of Reasoning, indicating that the reflective
process leads to more understandable and thorough explanations. For instance, on AIME24, RRS
scored 4.1 in Logical Coherence, notably higher than CoD’s 3.7 and BASE’s 3.2. The Accuracy of
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Final Answer, as judged by humans, closely mirrors the Pass@1 scores, reinforcing RRS’s superior
performance.

Crucially, the Error Identification Rate (EIR) for RRS highlights the effectiveness of the
“[CRITIQUE]” phase. On AIME24, RRS successfully identified relevant errors in its initial reasoning
in 75.2% of the sampled cases, demonstrating its ability to robustly self-diagnose. This strong self-
diagnostic capability directly contributes to the improved accuracy in the subsequent self-correction
phase, underscoring the qualitative benefits of integrating explicit reflective mechanisms into LRM
inference.

4.7. Performance Across Model Sizes

To investigate the scalability and generalizability of RRS, we extended our evaluation to larger
LRM variants: DeepSeek-R1-Distill-Qwen-7B and Qwen QwQ-32B. Our objective was to determine
if the benefits of RRS persist or amplify with increased model capacity, or if its utility is primarily
confined to smaller models where inherent reasoning capabilities might be more limited. Figure
4 summarizes the performance of BASE, CoD, and RRS across these larger models on the selected
benchmarks.

Model Size: 7B Model Size: 32B
80 - Method - Method
[1 BASE [1 BASE
70 4 1 CoD 4 1 CoD
I Ours (RRS) I Ours (RRS)
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Figure 4. Performance across different model sizes on six benchmarks.

The results from Figure 4 indicate a consistent trend: larger models generally achieve higher
baseline accuracy across all methods. Crucially, RRS consistently outperforms both the BASE model
and the CoD baseline for each model size, often by a significant margin. For the 7B model, RRS delivers
improvements of up to +9.4% over BASE (AIME24), and for the 32B model, similar gains of +9.5% are
observed (AIME24). This demonstrates that RRS is not merely a compensatory mechanism for smaller,
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less capable models, but rather a universal enhancement that effectively unlocks greater reasoning
potential even in highly capable LRMs.

The average token count (#Tk) also follows a predictable pattern: larger models tend to generate
more tokens overall, reflecting their increased verbosity and potentially more detailed reasoning. RRS
consistently involves a slightly higher token count compared to BASE and CoD for the same model
size, which is an expected consequence of the added critique and revision phases. However, the
substantial gains in accuracy far outweigh this marginal increase in computational cost, affirming
RRS as an efficient approach to enhance LRM performance without increasing model parameters or
requiring retraining.

4.8. Ablation Study of RRS Components

To precisely understand the contribution of each distinct phase within RRS, we conducted an ab-
lation study on the DeepSeek-R1-Distill-Qwen-1.5B model. We compared the full RRS implementation
against two ablated variants:

* RRS (w/o Self-Correction): In this variant, the model undergoes the Initial Reasoning Phase
and the Self-Diagnosis Phase (generating Ry, Ag, C), but the final answer is taken directly from
the initial reasoning Ag. This isolates the effect of merely diagnosing potential errors without
explicitly correcting them, primarily serving to quantify the diagnostic capability rather than
accuracy improvement based on correction. For Pass@1, this variant will align with BASE.

*  RRS (Direct Revision): Here, the model performs the Initial Reasoning Phase (Rg, Ag) and then
proceeds directly to the Self-Correction Phase, skipping the explicit [CRITIQUE]” token and the
generation of critique C. Instead, the model is prompted directly to revise its initial output
based on the original problem and its initial attempt: M(context = P - Ry - Ag - [REVISE]). This
variant assesses the value of an explicit, separate self-diagnosis step versus an implicit, combined
diagnosis-and-correction process.

Table 2 presents the results of this ablation study.

Table 2. Ablation study of RRS components on DeepSeek-R1-Distill-Qwen-1.5B across six benchmarks.

Model & Method Benchmark Pass@1 (%) #Tk (avg. tokens)
DeepSeek-R1-Distill-Qwen-1.5B (BASE) AIME24 23.3 7280
DeepSeek-R1-Distill-Qwen-1.5B (BASE) AMC23 57.5 5339
DeepSeek-R1-Distill-Qwen-1.5B (BASE) Minerva-Math 32.0 4935
DeepSeek-R1-Distill-Qwen-1.5B (BASE) LiveCode 17.8 6990
DeepSeek-R1-Distill-Qwen-1.5B (BASE) Olympiad 38.8 5999
RRS (w /o Self-Correction) AIME24 23.3 (+0.0) 7050
RRS (w/o Self-Correction) AMC23 57.5 (+0.0) 5400
RRS (w/o Self-Correction) Minerva-Math ~ 32.0 (+0.0) 4990
RRS (w /o Self-Correction) LiveCode 17.8 (+0.0) 6850
RRS (w/o Self-Correction) Olympiad 38.8 (+0.0) 5850
RRS (Direct Revision) AIME24 27.5 (+4.2) 6900
RRS (Direct Revision) AMC23 62.0 (+4.5) 5480
RRS (Direct Revision) Minerva-Math 29.5 (-2.5) 4150
RRS (Direct Revision) LiveCode 19.5 (+1.7) 6700
RRS (Direct Revision) Olympiad 40.5 (+1.7) 5700
Full RRS AIME24 31.5 (+8.2) 7150
Full RRS AMC23 66.5 (+9.0) 5600
Full RRS Minerva-Math 30.0 (-2.0) 4250
Full RRS LiveCode 21.0 (+3.2) 6800
Full RRS Olympiad 41.8 (+3.0) 5800
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The ablation results underscore the importance of both the Self-Diagnosis and Self-Correction
phases. As expected, RRS (w/o Self-Correction) yields the same Pass@1 as BASE because the final
answer is still derived from the initial, uncorrected output. However, its slightly higher token count
reflects the overhead of generating the critique, even if unused for correction. This variant confirms
that merely observing errors internally, without acting upon them, does not improve output accuracy.

More importantly, RRS (Direct Revision) shows an improvement over BASE across most bench-
marks (e.g., +4.2% on AIME24, +4.5% on AMC23). This indicates that even without an explicit
self-diagnosis step, simply prompting the model to "revise" its initial attempt can lead to better out-
comes. The model implicitly performs some form of diagnosis during this revision. However, the
Full RRS consistently and significantly outperforms RRS (Direct Revision) across all positive gain
benchmarks (e.g., +4.0% additional gain on AIME24 compared to Direct Revision, +4.5% on AMC23).
This stark difference highlights the critical role of the explicit Self-Diagnosis phase and the ‘ [CRITIQUE]’
token. By forcing the LRM to articulate its identified flaws (C), the subsequent Self-Correction phase
becomes much more targeted and effective, leading to a superior final answer. The explicit generation
of a critique provides a structured internal feedback loop that is more impactful than an implicit
revision process. The token counts also support this, with RRS (Direct Revision) being higher than
BASE but lower than Full RRS, aligning with the architectural design of each variant.

4.9. Analysis of Error Types Corrected by RRS

To gain deeper qualitative insights into RRS’s effectiveness, we analyzed the types of errors that
were successfully identified and corrected by the system, particularly focusing on instances where
BASE or CoD failed, but RRS provided the correct solution. This analysis was primarily conducted on
a subset of mathematical reasoning (AIME24) and code generation (LiveCode) problems. We observed
several recurring error categories that RRS was particularly adept at addressing;:

* Logical Inconsistencies and Fallacies: In complex mathematical and scientific reasoning, LRMs
often fall into traps of logical leaps or flawed deductions. RRS’s self-diagnosis phase frequently
identified these instances, flagging statements like "The logical step from X to Y is not justified"
or "This argument relies on an unstated assumption that may not hold." The subsequent self-
correction then focused on establishing rigorous connections or rectifying the erroneous logic.

¢  Calculation Errors: Simple arithmetic or algebraic mistakes are common in LRM outputs, espe-
cially in multi-step problems. The ‘[CRITIQUE]’ phase in RRS was often able to pinpoint specific
numerical errors, such as "Error in line 5: 3 * 7 is 21, not 24." This explicit identification allowed the
‘[REVISE]’ phase to recalculate and correct these precise points, leading to accurate final answers.

*  Misinterpretation of Problem Constraints: Problems, particularly in code generation or com-
petitive programming, often come with subtle constraints or edge cases. Initial reasoning might
overlook these. RRS critiques often included statements like "Did I consider all edge cases for
input N?" or "The problem specifies X, but my solution implicitly assumes Y." The self-correction
phase then adjusted the code or reasoning to align with all problem requirements. Incomplete
Reasoning or Omissions: Sometimes, the initial reasoning (Rp) might be truncated or skip crucial
intermediate steps, leading to an unsupported or incorrect answer. The ‘[CRITIQUE]’ phase
served to identify these gaps, prompting reflections such as "More detailed proof is needed for
statement Z" or "I need to explicitly show how this step follows from previous ones." The self-
correction then filled in these missing logical connections, resulting in a complete and verifiable
solution.

*  Sub-optimal Solutions (Refinement): Beyond outright errors, RRS also showed capabilities in
identifying sub-optimal approaches. In code generation, for instance, a critique might suggest
"This algorithm has quadratic complexity; a linear time solution might be possible." The * [REVISE]"
phase would then attempt to refactor the code for better efficiency or elegance.

The ability of RRS to detect and correct such a diverse range of errors underscores the power
of its structured reflective cycle. By systematically breaking down the meta-cognitive process into
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distinct diagnosis and correction phases, RRS enables LRMs to move beyond mere pattern matching
and engage in a deeper, more robust form of self-scrutiny. This targeted error identification, explicitly
generated by the model itself, serves as a highly effective internal feedback mechanism, directly
contributing to the enhanced accuracy and robustness observed in our quantitative and human
evaluations.

5. Conclusion

This paper introduced the Reflective Reasoning System (RRS), a novel inference-time frame-
work designed to imbue Large Reasoning Models (LRMs) with sophisticated self-diagnosis and
self-correction capabilities, thereby significantly enhancing their reasoning accuracy and reliability.
Addressing LRMs’ inherent limitations in robustness, RRS orchestrates a structured "think-reflect-
correct” cycle, mimicking human meta-cognition, through the strategic insertion of ‘[CRITIQUE]’ and
‘[REVISE]’ control tokens. Our comprehensive experimental evaluation yielded compelling evidence
for RRS’s effectiveness, consistently achieving substantial improvements in Pass@1 accuracy across
diverse and challenging benchmarks, including mathematical reasoning, code generation, and sci-
entific problem-solving, and generally outperforming competitive inference-time baselines. Further
analysis confirmed that these explicit meta-cognitive tokens effectively activate the LRM’s inherent
reflective capabilities, transforming a unidirectional reasoning process into a recursive, introspective
one. Human evaluation validated higher logical coherence and accuracy, while scalability analysis
revealed benefits across various model sizes. An ablation study critically highlighted the necessity of
both explicit self-diagnosis and self-correction phases. In conclusion, RRS represents a significant step
towards developing more robust and autonomous LRMs, offering a practical and powerful paradigm
for enhancing problem-solving accuracy and trustworthiness without architectural modifications or
retraining, and paving the way for future meta-cognitive Al systems.
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