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Abstract

Recently, Language Reasoning Models (LRMs) have seen
huge improvements in their problem-solving skills due to
their ability to effectively utilize Chain-of-Thought (CoT) to
explain their reasoning before committing to a final answer.
However, these explanations often become unnecessarily ver-
bose and redundant, leading to significant computational
overhead. We propose a framework that segments model
output into distinct reasoning steps, and train a lightweight
encoder-only model to predict whether each reasoning step is
useful to solving the problem or not. Moreover, we show that
our lightweight model generalizes across held-out datasets
and models without retraining or finetuning, allowing for
seamless integration with existing LRMs. Experiments show
that by varying the number of consecutive non-useful steps
allowed before a forced early-exit, our framework provides a
substantial reduction in tokens by 23.3%.

Introduction
Recent state-of-the-art LRMs (DeepSeek-AI 2025; OpenAI
2024b) excel in reasoning-based tasks due to their ability to
state their reasoning before providing an answer (DeepSeek-
AI 2025). However, these LRMs often generate excess to-
kens, resulting in excess computational overhead (Muen-
nighoff et al. 2025; Chen et al. 2025). Most recent state-of-
the-art LRMs use connector words for transitioning between
reasoning steps (Muennighoff et al. 2025), such as ”Wait” or
”Hmm”(Wei et al. 2023). This potentially results in LRMs
correcting their mistakes or completing their reasoning for a
particularly hard problem(Chen et al. 2025). However, these
tokens can also prompt unnecessary or repetitive reasoning,
resulting in excess computational overhead when a LRM has
already reached a correct answer(Chen et al. 2025; Muen-
nighoff et al. 2025). Therefore, these connector words could
be used to demarcate logical shifts in a LRM’s reasoning
and, by extension, detect where a LRM starts to reason un-
necessarily during inference.
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We propose a framework for identifying when an LRM’s
reasoning is excessive or redundant, and employ an early-
exit strategy at various degrees of reasoning redundancy
to demonstrate the usefulness of our DeBERTa model. We
choose DeBERTa due to accuracy prioritization on Natural
Language Understanding (NLU). First, we run experiments
to determine a list of connector words, which are used to
segment the LRM output into reasoning steps. We use GPT-
4o (OpenAI 2024a) to label reasoning steps generated by
Deepseek-R1-Distill-Qwen-7B (DeepSeek-AI 2025) as use-
ful or overthinking to create our own train and test datasets.
We then train a lightweight DeBERTa model to identify
whether each segmented step is useful or overthinking. To
demonstrate the effectiveness of our model, we progres-
sively increment the number of consecutive overthinking
steps allowed before forcing the LRM to generate a final
answer. To summarize, our contributions are as follows:

1. We propose a novel framework for identifying and stop-
ping unnecessary LRM reasoning, achieving an average
of 23.30% reduction in token length with a slight increase
in accuracy.

2. Our lightweight DeBERTa model can identify overthink-
ing across math datasets of varying difficulties and across
different models without retraining or finetuning.

Related Works
Existing LRMs Recent state-of-the-art LRMs, such
as OpenAI’s o1 (OpenAI 2024b) and DeepSeek-
R1 (DeepSeek-AI 2025), have demonstrated a meteoric
increase in their reasoning skills. For example, Deepseek-
R1 models distilled from Qwen2.5-Math-7B (?) and
Llama-3.1-8B (?) surpass other SOTA models such as
QwQ-32B (Team 2025) and OpenAI-o1-mini(OpenAI
2024b) in certain metrics (DeepSeek-AI 2025). However,
since state-of-the-art LRMs are finetuned to go through
thorough Chain-of-Thought reasoning before enumerating
an answer, they also tend to generate a lot of redundant
reasoning even after an answer has been reached (Chen
et al. 2025).
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Figure 1: Graphs of Accuracy versus Average Token Count
for all models and the AMC dataset. The leftmost point starts
at α = 2 and each consecutive point from that signifies that
α has increased by one.

Current Methods Recent work has shown that LRMs
tend to overthink even for simple problems, wasting un-
necessary amounts of compute when little to no reason-
ing is required (Chen et al. 2025). THINKPRUNE aims
to mitigate unnecessary overthinking through a Reinforce-
ment Learning (RL) model that does not reward reason-
ing over a certain token count. However, their RL method
is much more expensive than our lightweight DeBERTa
model. Other methods (such as Distillation-Reinforcement-
Reasoning (DRR)(Yang et al. 2024)) train a RL model which
is used during inference, but focus more on optimizing ac-
curacy than efficiency. We use a lightweight DeBERTa (He,
Gao, and Chen 2021) model instead to (1) reduce computa-
tional cost while (2) having a classifier that has state-of-the-
art NLU skills.

Self-Truncation and Early Exit Many existing methods
use early exiting to force a model to stop generation when
some condition is met to avert redundant reasoning (Schus-
ter et al. 2022; Din et al. 2024; Valade 2024; Fan et al. 2024;
Azizi, Potraghloo, and Pedram 2025). A subsection of these
methods are the self-truncation methods, which force the
model to stop thinking and provide an answer early (Dai,
Yang, and Si 2025). Certaindex and Dynasor (Fu et al. 2025)

employ a task-agnostic framework to evaluate preliminary
answers at various points during model inference, and mon-
itor trial answer frequency to decide when to commit to an
answer. DEER (Yang et al. 2025) also probes the model for
trial answers, and exits early when the model’s answer con-
fidence is above a set threshold. Our method is an inference-
time framework that does not require trial answer genera-
tion. Instead, we use a lightweight encoder-only model aug-
mented with context and previous reasoning steps to predict
whether the current reasoning step is useful, before deciding
whether to exit early.

Methodology
Reasoning Step Deconstruction We generate LRM re-
sponses and segment the response into distinct reasoning
steps using a set of common connector words C. Each rea-
soning step is found by the text between subsequent connec-
tor words.

DeBERTa Classifier Training Using the outputs of
Deepseek-Distill-7B (DeepSeek-AI 2025) on 482 problems
from the MATH500 (Hendrycks et al. 2021) dataset, we
split each model response (defined as a sequence of tokens
y1, y2, ...yN ) into a list of reasoning steps (S1, S2, ...Sn)
as outlined in Figure 2. To generate our training data, we
prompt GPT-4o (OpenAI 2024a) with the problem state-
ment, official solution, and the entire model output seg-
mented into a list of steps. We use GPT-4o to label each
step as one of two distinct categories: useful or overthink-
ing. We filter the inputs where GPT-4o did not generate a
label, collating a total of 35659 datapoints in our dataset.

For the inputs of the training data, we append the previous
two reasoning steps, the queried reasoning step and the prob-
lem statement as context and use GPT-4o’s labels as ground
truth labels. Using a learning rate of 3e-5, a batch size of 16,
and an 80-20 train-test split, DeBERTa achieves an accuracy
of 88.14% after just 13 epochs of training and 3 hours spent
on an A40 GPU.

Early Exit During inference, we split the model output
into multiple reasoning steps as outlined above. We label
the ith step Si with label Li, which is either useful or over-
thinking, by querying the DeBERTa model with the problem
statement and the previous two reasoning steps.

If the number of consecutive overthinking steps exceeds
α, we force the model to output an answer by appending
”Wait, I think I’m overthinking. My final answer is”. In or-
der to demonstrate the effectiveness of our method, we do a
search on α as shown in Figure 1.

Results
For each dataset and model, we test various values of α and
record the average token count and accuracy associated with
each α value. Our results are shown in Figure 1.

All model-dataset combinations matched their respective
baseline accuracy, with all but one surpassing the baseline
accuracy. For each combination, we consider the first data-
point which matches or exceeds the baseline accuracy and
has the least number of average tokens. Average accuracy
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Figure 2: Our framework uses a lightweight DeBERTa model to predict if a reasoning step is Useful or Overthinking.

Model Dataset Acc(CoT)% Tokens(CoT) Tokens(Ours) Savings(%) ∆Acc (pp)

DeepSeek-Distill-Qwen-7B AMC 71.08 4790.6 3174.3 33.7 +1.21
DeepSeek-Distill-Qwen-7B AIME 36.67 7066.8 6337.2 10.3 +0.00
DeepSeek-Distill-Llama-8B AMC 56.63 5849.8 3434.2 41.3 +0.00
DeepSeek-Distill-Llama-8B AIME 26.67 7328.6 5254.9 28.3 +1.10
QwQ-32B AMC 73.49 5270.7 4391.1 16.7 +0.00
QwQ-32B AIME 37.78 7188.6 6510.7 9.4 +0.00

Macro avg 23.3 +0.39

Table 1: Our model was able to get an average of 23.3% token reduction and an average increase in accuracy of 0.39%.

increased by 0.39%, while 23.30% fewer tokens were gen-
erated on average.

Even though our DeBERTa model was trained on data
from the MATH500 dataset and achieved a 88.14% pre-
diction accuracy, it still generalizes to held-out datasets
(AMC and AIME) and other held-out models (QwQ-32B
and DeepSeek-R1-Distill-LLaMA-8B), resulting in an aver-
age increase in accuracy of 0.39%, and 23.3% fewer tokens
generated per problem as shown in Table 1.

Limitations
We did not attempt to use our model on easier datasets such
as GSM8K (Cobbe et al. 2021), so further analysis lies there.

Additionally, we trained our model solely on math problems,
so further expansions of domains remains to be seen. Addi-
tionally, our framework does not offer a way to dynamically
predict the number of overthinking steps that is optimal.

Conclusion
Using a lightweight, encoder-only DeBERTa model, we
demonstrate that the DeBERTa model can generalize to
held-out models and datasets of varying difficulties with-
out retraining or finetuning while yielding a better accuracy-
compute ratio. We vary the number of consecutive over-
thinking steps α before we force the LRM to output an an-
swer, showing that forcing the LRM to generate an answer



can increase average LRM accuracy by 0.39% and lower av-
erage token count by 23.30%.
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