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Abstract

Large Language Models (LLMs) trained via
Reinforcement Learning (RL) have recently
achieved impressive results on reasoning bench-
marks. Yet, growing evidence shows that these
models often generate longer but ineffective
chains of thought (CoTs), calling into question
whether benchmark gains reflect real reason-
ing improvements. We present new evidence
of overthinking, where models disregard cor-
rect solutions even when explicitly provided,
instead continuing to generate unnecessary rea-
soning steps that often lead to incorrect con-
clusions. Experiments on three state-of-the-art
models using the AIME2024 math benchmark
reveal critical limitations in these models’ abil-
ity to integrate corrective information, posing
new challenges for achieving robust and inter-
pretable reasoning.

1 Introduction

Recent advancements have seen LLMs achieve
impressive scores on diverse linguistic and cog-
nitive benchmarks, suggesting significant progress
in their reasoning capabilities (Arora and Singh,
2023). However, this performance often degrades
substantially when encountering out-of-distribution
(OOD) tasks revealing limitations in their reliability
and adaptive reasoning (Wang et al., 2022).
Strategies such as enhanced test-time inference
budgets offer potential mitigation for OOD chal-
lenges (Hou et al., 2025) but a more focused
approach involves specialized reasoning models
trained via reinforcement learning (RL) with veri-
fiable rewards (Ankner et al., 2023). This enables
backtracking and self-revision, significantly out-
performing standard LLMs. The CoT embodying
these strategies are themselves a subject of intense
study, offering potential blueprints for enhancing
reasoning in smaller models (Yao et al., 2023).
Nevertheless, concerns remain regarding the au-
thenticity of these CoTs. Prior work (Wang et al.,

2023) has shown that cold-start RL can produce
unconventional CoTs (often with unusual syntax or
mixed languages) that still lead to correct answers.
This raises doubts about whether these CoTs rep-
resent genuine reasoning or merely environment-
specific artifacts anthropomorphized by researchers
(Gao et al., 2023). Such phenomena may re-
sult from RL incentives that encourage retrieving
known solutions from the base model, rather than
fostering new cognitive skills (Yue et al., 2025).
Recent evidence even suggests that disabling ex-
plicit reasoning processes in LRMs can still achieve
state-of-the-art results if sampling budgets are suf-
ficiently increased (Ma et al., 2025a).

We present new evidence suggesting that CoTs
may not meaningfully support models’ reasoning
processes. Extending prior work (Wang et al.,
2025), we explore the underthinking phenomenon,
where models prematurely abandon promising rea-
soning paths maybe due to inability to correctly
identify a valid solution. We find that even explic-
itly injecting ground-truth solutions into reasoning
sequences often fails, with models instead pursuing
incorrect reasoning. This issue closely relates to
overthinking (Chen et al., 2025), where models
generate excessive, unproductive reasoning tokens.
In this preliminary work, we demonstrate empir-
ically that even state-of-the-art reasoning models
are not apart from this issue with two main contri-
butions: Demonstrating that LLMs often disregard
externally provided correct solutions, producing
redundant reasoning steps and Highlighting funda-
mental limitations in the integration of corrective
information by models, revealing critical flaws in
current reasoning dynamics.

2 Related Work

Following the seminal work of (Wei et al., 2022),
suggesting that LLM’s reasoning capabilities can
be enhanced via Chain-of-Thought (CoT), numer-
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ous works have explored prompt augmentations
(Yao et al., 2023; Wang et al., 2022), specific scaf-
folding (Bairi et al., 2023; Cheng et al., 2024;
Zheng et al., 2025). Concurrently, research has
also highlighted that expanding the sampling bud-
get can lead to further performance gains (Wang
etal., 2024; Tian et al., 2024). For instance, (Brown
et al., 2025) observed a strong correlation between
sampling budget and benchmark performance, indi-
cating that models may have internalized much
more knowledge than what is revealed through
single-shot forward pass. However, while these
methods can enhance performance, their reliability
often rests on the capabilities of the verifier. This
challenge aligns naturally with the reinforcement
learning (RL) framework, where algorithms such
as (Schulman et al., 2017; Ramesh et al., 2024)
leverage ground truth rewards as training signals to
optimize LLMs (OpenAl, 2024, 2025; DeepSeek-
Al, 2025; Lambert et al., 2025).

Despite initial competitive metrics and hill-
climbing trends (Luo et al., 2025), fundamental
questions about LLLMs’ planning capabilities per-
sist (Kambhampati et al., 2024; Valmeekam et al.,
2024), prompting skepticism about their CoTs’ rel-
evance (Wang et al., 2025; Chen et al., 2025). RL
optimization often leads to overfitting, unreadable
CoTs, or anthropomorphic strategies (Qwen-Team,
2024), emphasizing the need for robust reasoning
and interpretability (Dunefsky et al., 2024; Cun-
ningham et al., 2023) to handle shifted distribu-
tions in inference (Andriushchenko et al., 2025).
Recent works (Ameisen et al., 2025; Lindsey et al.,
2025) have identified interpretable internal circuits
within transformer models, but scaling these in-
sights remains challenging (Lieberum et al., 2024).
Evidence of sycophancy and divergence between
textual outputs and internal activations further com-
plicates system trustworthiness. Our work funda-
mentally challenges the assumed relationship be-
tween CoT length and performance by demonstrat-
ing multiple models’ inability to recognize correct
answers even when explicitly presented. Along
with recent studies (Muennighoff et al., 2025; Yeo
et al., 2025; Ma et al., 2025b; Tang et al., 2025)
these results reveal a more complex dynamic influ-
enced by training dynamics and task complexity,
underscoring the need for a deeper understanding
of LLLM reasoning processes.
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3 Results and Discussion

We conduct our experiments on three different mod-
els. LLaMA 70B and Qwen7B were distilled from
R1 (DeepSeek-Al, 2025), while DeepScalR1.5B
(Luo et al., 2025) was trained via RL. Our rea-
soning analysis focus on the AIME2024 dataset, a
challenging set of mathematical problems.

3.1 Baseline Thoughts Generation

Baseline solutions are generated by providing the
models with a standard system prompt and prob-
lem statement. The LLM then produces CoTs en-
closed in <think> tags before delivering a final an-
swer, spontaneously exploring multiple hypotheses
and engaging in self-reflection. Individual reason-
ing thoughts are identified using a simple heuris-
tic based on specific keywords, with Alternatively
and Wait serving as thought separators. We denote
the reasoning trace up to the ¢ thought as R[: t],
which includes the system prompt and problem
statement. For t = 0, R[: 0] contains only the
prompt and statement; for ¢ = T', R,y represents
the full reasoning trajectory. This notation enables
the analysis of reasoning at any intermediate step ¢,
supporting counterfactual studies.

3.2 Ground Truth Integration

We investigate the impact of integrating the ground
truth solution (reasoning + answer) after each base-
line thoughts, assessing whether models recognize
and integrate correct answers. For each problem,
we concatenate the solution ) to the already gen-
erated thinking trace R[4 as if it was generated by
the model itself during its reasoning process. This
achieved by prefixing the solution with the relevant
set of tokens V to mimic the model’s writing style.
More formally, the prompt P; sent to the model is:
P =R ®V @Y (1), where & denotes concate-
nation and with }V = "<think> Okay, so "if ¢ = 0
and "Alternatively, " otherwise. Given P, for each
t € [0, 7], the model continues the reasoning tra-
jectory without additional prompts or guidance.
We expect the model to pick-up the ground truth
solution and use it as its final answer. However,
models often generate excessive additional tokens,
frequently doubting or even discarding the correct
solution, as illustrated in Figure 2b. Surprisingly,
in this pathological case the model almost always
commits to a wrong answer despite the given so-
lution. However, this illustrative example is not
an isolated case as shown In Figure 1. This phe-
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Figure 1: Averaged number of overthinking tokens generated for each problem from AIME2024. Amount of
overthinking tokens is problem-dependent but all four models overthink. The correct/incorrect coloring is based on
whether the problem was successfully solved on the first try.

nomenon emerges in all models regardless of their
size and post-training method. The amount of
overthinking tokens however is largely problem-
dependent, with some specific problems creating
more overthinking tokens than others (e.g. problem
I-14 on Figure 1).

A rare positive case, observed only twice, is
shown in Figure 2a. Here, after ¢ = 17, the model
consistently accepted the injected solution, produc-
ing a reduced and stable number of tokens. The
reasoning reflected diverse yet coherent strategies,
such as applying cyclic quadrilaterals, similar trian-
gles, and the British flag theorem which suggests
that the model could have required a number of
thoughts (Wei et al., 2022) before being able to
understand and accept the injected truth. This is
represented in the figure as a big reduction in the
number of tokens generated and the completion
ratio suggesting a converging number of generated
tokens, after a spiky, iterative and often divergent
behavior employing an excessive amount of tokens.

We found that this divergent behavior is com-
mon in most of the problems, with an example
represented in Figure 3 where for the first four of
them, the number of overthinking tokens in order

29

to provide a bad answer is close to 0 and to pro-
vide / accept the correct answer is lower than 2000.
Then for the rest things went out of control as this
grew considerably even while accepting the truth.
Which to our point of view could correspond to a
clear prioritization on self-generated tokens, lack of
capabilities of comprehension or simply randomly
divergent CoTs.

These results reveal that reasoning models of-
ten struggle to identify valid solutions, relying on
complex but fragile heuristics that do not reflect
genuine reasoning. For instance, in a particularly
challenging problem (II-15), none of the models
confidently arrived at the correct solution, even
when provided with the ground truth (Figure 2).
When models did accept the correct answer, it was
typically out of resignation or time pressure rather
than true understanding, as shown by statements
like, "But perhaps given the time I have, I think the
initial calculation of 315 might be correct," which
appeared nearly 3000 tokens after the ground truth.
This shows that in some cases, the correct answer
may not even exist within the model’s solution
space, making it unattainable through further sam-
pling or prompting.
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Figure 3: Averaged number of overthinking tokens gen-
erated for each problem from AIME2024 with model
LLaMA 70B. The average is conditioned to the model
providing a correct answer(green) or not(purple) at the
end of its reasoning.

This behavior likely stems from overfitting to
specific patterns and spurious correlations that do
not generalize. As shown in Figure 2, the num-
ber of overthinking tokens often decreases in pro-
portion to the total tokens generated, though this
relationship sometimes appears thresholded. Mod-
els tend to delay committing to an answer until
reaching a predefined token count or detecting un-
known patterns. These tendencies likely arise from
RL training dynamics and poor credit assignment,
where correct answers reached through faulty CoTs
are mistakenly rewarded and associated with the
CoT’s length or other irrelevant features. This
mirrors reward hacking seen in smaller RL tasks,
where optimization exploits shortcuts that maxi-
mize rewards but fail to generalize.

4 Conclusion and Future work

While recent advances in reasoning models have
generated significant interest, their evaluation of-
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ten relies on anthropomorphizing behavior, treating
CoTs as reflections of human reasoning. Our find-
ings reveal a critical limitation: current LRMs lack
robust mechanisms to integrate external corrective
signals. This challenges assumptions about their
coherence and questions the reliability of CoTs
as transparent indicators of cognition. Proxy met-
rics like completion length also fail to consistently
reflect reasoning quality, as models frequently dis-
play both underthinking and overthinking. Our
analysis shows that models often ignore provided
ground-truth solutions, raising key questions: What
truly drives the reasoning process, and can it be
effectively guided? Models that reject external so-
lutions are also prone to disregarding guidance,
feedback, or human intervention.

Building on these insights our future work will
focus on developing heuristics to improve model
receptiveness to external suggestions or corrections.
By leveraging recent advances in understanding
interpretable circuits within transformer models,
we aim to uncover why models tend to doubt or
even reject correct answers during reasoning. This
deeper understanding will inform the development
of more reliable and efficient reasoning models.

Limitations

Our study focuses solely on mathematical reason-
ing tasks (AIME2024), so the findings may not
generalize to other domains. The set of models
tested is also limited and may not capture the full
diversity of training paradigms. Additionally, our
method of injecting ground-truth solutions relies on
heuristics that might not fully align with the mod-
els’ internal reasoning dynamics. Finally, while we
provide behavioral analysis, deeper interpretability
work remains for future research.

Completion Ratio
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