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Abstract

Knowledge distillation has emerged as a piv-
otal paradigm for transferring the superior rea-
soning capabilities of Large Reasoning Mod-
els (LRMs) to efficient student models. How-
ever, the raw Chain-of-Thought (CoT) trajec-
tories are often verbose and redundant, which
dilutes the underlying logic and hinders effec-
tive knowledge distillation for student models.
Although recent work has focused on pruning
CoT to streamline these reasoning paths, exist-
ing local heuristic methods often fail to capture
global causal logic due to rigid rules and lim-
ited search spaces, while global heuristic ap-
proaches incur substantial computational costs.
To address these issues, we propose Pru-CoT
(Pruning Chain-of-Thought), a framework that
aims to extract the essential logical structure
from reasoning chains. Pru-CoT implements
a step-level importance assessment via global
optimization on a frozen student large language
model (LLM), quantifying the gradient-based
causal contribution of each component. Guided
by these important signals, the framework per-
forms fidelity-constrained pruning, utilizing an
LLM-driven process to synthesize concise, log-
ically coherent narratives. Extensive experi-
ments on mathematical reasoning benchmarks
demonstrate that models trained with Pru-CoT
not only achieve superior accuracy but also
generate significantly more compact reasoning
paths compared to those trained on raw verbose
data.

1 Introduction

Large Reasoning Models (LRMs), such as Ope-
nAl’'s ol (OpenAl, 2024) and DeepSeek-R1
(DeepSeek-Al, 2025a), have revolutionized com-
plex problem-solving via Chain-of-Thought (CoT)
(Wei et al., 2022). To cultivate these capabilities in
cost-effective, small models, knowledge distillation
has become the mainstream paradigm (DeepSeek-
Al, 2025a). However, the raw inference chains
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Figure 1: Pru-CoT addresses the “overthinking” issue
in LRMs by pruning redundant steps to produce concise
reasoning chains, thereby facilitating effective knowl-
edge distillation to student models.

generated by teacher models often contain redun-
dant steps such as repetitive verifications or trivial
derivations, i.e., overthinking phenomena (Chen
et al., 2025; Team, 2025a). The low signal-to-noise
ratio reasoning data results in small models that
tend to overfit the surface syntactic structure of
“overthinking” rather than internalizing the core
causal logic, making their reasoning computation-
ally inefficient and susceptible to hallucinations.

To address this issue, recent studies explore prun-
ing methods to streamline the redundant chain-of-
thought generated by large reasoning models, aim-
ing to mitigate the negative effects caused by over-
thinking on knowledge distillation. Specifically,
local-based heuristic methods (Wang et al., 2025;
Cui et al., 2025) conduct local spatial chain-of-
thought pruning exploration through pre-defined
simple rules, which are often constrained by sim-
ple rule biases and limited search spaces, failing to
identify the global causal logic required for pruning.
Conversely, global-based heuristic methods such
as A*-Thought (Xu et al., 2025b) effectively model
long-range dependencies via global tree search, but
they are accompanied by substantial computational
overhead.

To handle the aforementioned issues simultane-
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ously, as shown in Figure 1, we propose Pru-CoT
(Pruning Chain-of-Thought), a method based on
global optimization and LLM-guided pruning. Di-
verging from heuristics-based methods that rely on
rigid external rules, Pru-CoT performs step-level
importance assessment via a learnable mechanism
on a frozen student model. This mechanism as-
signs a learnable weight to each reasoning step,
which is optimized via backpropagation derived
from the final solution loss. Thereby, based on op-
timized weight, we accurately quantify the causal
contribution of every step, which enables the pre-
cise pruning of “overthinking” noise while distin-
guishing essential logic. To address the potential
semantic discontinuity caused by removal, we fur-
ther execute LLM-guided pruning incorporating
fidelity constraints. This phase utilizes key reason-
ing steps determined through global optimization
as semantic anchors to synthesize a concise, logi-
cally coherent narrative, ensuring the distilled data
remains highly effective for student training'.
Our contributions are summarized as follows:

* We propose a novel method, termed Pru-CoT,
to prune Chain-of-Thought, effectively remov-
ing structural redundancy to enhance both in-
ference efficiency and data quality for student
models.

* We develop a global optimization framework
that quantifies step-wise causal contributions
via learnable weights on a frozen model, iden-
tifying critical logic without relying on rigid
heuristics.

» Extensive experiments demonstrate the effec-
tiveness of Pru-CoT across several bench-
marks, achieving significant improvements,
with an average accuracy improvement of
2.4% on DeepSeek-R1-Distill-Qwen-7B.

2 Related Work

2.1 Generation-Guidance Compression

Reasoning chain compression approaches can
be broadly categorized into generation-guidance
methods and Chain-of-Thought pruning methods.
Generation-guidance approaches aim to steer the
model toward concise reasoning during the infer-
ence or training phase. Prompt-based methods em-
ploy carefully crafted prompts to guide the model

'The source code is publicly available at https: //github.
com/Co-C12/Pru-CoT.

directly toward a streamlined reasoning process
(Ding et al., 2024; Xu et al., 2025a). Several
studies adopt reinforcement learning frameworks
(Hou et al., 2026; Luo et al., 2025; Singh et al.,
2025) to reward concise outputs. Other lines of
research introduce specialized control mechanisms.
For instance, CoT-Valve (Ma et al., 2025) em-
ploys a parameter-space interpolation mechanism
that steers LLMs to generate a chain-of-thought
of controllable length and quality, while Light-
Thinker (Zhang et al., 2025) trains models to dy-
namically compress ongoing thoughts. However,
these approaches primarily act as remedies after
distillation, failing to prevent students from being
influenced by overthinking phenomena right from
the beginning of the distillation process.

2.2 Chain-of-Thought Pruning

Another mainstream paradigm is Chain-of-Thought
pruning, which refines high-quality traces from a
teacher model, thereby avoiding the model from
being affected by the overthinking phenomenon
from the very beginning. These methods gener-
ally fall into local-based and global-based heuristic
categories. ASAP (Zeng et al., 2025) uses “first-
token surprisal” to retain logically critical steps.
Tokenskip (Xia et al., 2025) prunes tokens accord-
ing to importance scores from LLMLingua-2 (Pan
et al., 2024) and constructs its training dataset
based on data with different compression ratios.
SPIRIT (Cui et al., 2025) iteratively prunes reason-
ing steps based on the changes in the target model’s
perplexity, and Binary Cutting (Wang et al., 2025)
combines binary search pruning with policy veri-
fication to find reasoning prefixes that still yield
correct answers. In contrast, A*-Thought (Xu
et al., 2025b) introduces a global-based heuris-
tic approach that determines reasoning paths with
high information density and low cost via a global
heuristic function. However, the heuristic-based
methods are constrained by local biases and fail to
capture global causal dependencies, while search-
based strategies introduce prohibitive inference
overhead, rendering them impractical for large-
scale data processing.

3 The Proposed Method

3.1 Preliminary

Given a large reasoning model (LRM) M and an
input question ¢, the model generates a reasoning
chain comprising S sequential steps, denoted as
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T = (s1,82,...,8s), which concludes with a fi-
nal solution y. However, as the reasoning depth
increases, LRMs are prone to the overthinking phe-
nomenon, where the generated trajectories often
contain redundant, repetitive, or irrelevant logical
steps. This redundancy not only significantly es-
calates the inference computational cost but also
introduces noise that can degrade the performance
of student models when used as training targets.

Our objective is to identify a subset 7/ C T.
This compact trajectory is expected to eliminate
structural redundancy while guaranteeing the se-
mantic integrity required to derive the correct so-
lution y, thereby ensuring high knowledge density
for efficient downstream applications.

3.2 Overview

We propose Pru-CoT (Pruning Chain-of-Thought),
a framework designed to distill efficient reason-
ing paths by pruning overthinking from verbose
CoT data. The overall architecture is illustrated in
Figure 2. Premised on the insight that reasoning
steps exhibit varying degrees of causal contribu-
tion, Pru-CoT implements a synergistic two-phase
process: (1) Step-Level Importance Assessment
via Global Optimization (Section 3.3), which rigor-
ously quantifies the causal weight of each reasoning
step through a differentiable probing mechanism
on a frozen student LLM; and (2) LLM-Guided
Pruning with Fidelity Constraints (Section 3.4),
which synthesizes concise and coherent rationales
by selectively retaining low-importance steps while
ensuring the compressed chain remains faithful to
the original logical validity.

3.3 Step-Level Importance Assessment via
Global Optimization

To accurately assess the importance of each reason-
ing step within the Chain-of-Thought, we evaluate
step necessity from a global optimization perspec-
tive, explicitly quantifying the causal contribution
of individual steps to the final solution. Unlike
heuristic methods that evaluate steps in isolation or
based on local coherence, this approach captures
the holistic dependency structure required for the
correct answer.

Step-Wise Noise Soft Masking. Recent studies
suggest that LLMs use filler tokens to sustain com-
putation depth (Pfau et al., 2024). Motivated by
this, we define a reasoning step as non-essential if
the model maintains its predictive accuracy even

when the step is substituted with non-informative
noise. We formalize this by introducing a learn-
able masking mechanism. For the reasoning chain
T = (s1,...,8s), we assign a learnable impor-
tance vector w = (wy,ws,...,ws), where each
scalar wy € [0, 1] governs the semantic retention
of step s;. Let e, denote the embedding of the
k-th token within the ¢-th step, and n be a learnable
noise embedding corresponding to a filler token
(e.g., “"). The fused embedding €; j is computed
using the shared step weight w;:

€ =wi e+ (1 —w)- n, (D

where wy acts as a soft gate: as w; — 1, the original
semantics are preserved; as w; — 0, the step is
effectively replaced by noise.

Gradient-Based Optimization. In the probing
stage, we freeze the parameters of the language
model Ofozen and optimize only the sample-specific
importance vector w™ = (w1, ws, ..., wg). For
the n-th sample, the sequence of fused embeddings
EM (generated via Equation 1) is concatenated
with the question embedding Eén) to form the
model input. We optimize w(™ for a few epochs
to minimize the cross-entropy loss on the solution
sequence y(™):

w" = argmin £(y™) | [Bf"; B™): bfrozen).

wi(n)
2)

This gradient-based update mechanism naturally
captures the global dependencies between reason-
ing steps. When a critical step is masked, the result-
ing gradient perturbation propagates through the
computational graph and influences the weight up-
dates of other semantically or logically dependent
steps, thereby reflecting the strength of inter-step re-
liance. In contrast, masking a redundant step does
not induce significant gradient flow across steps,
which helps to distinguish between structural criti-
cality and isolated token-level salience.

We retain the weights achieving the lowest loss
as the final importance weights, ensuring the as-
sessment is tailored to the instance-specific rea-
soning structure. Mechanistically, masking critical
steps disrupts the reasoning path and spikes the
loss, generating strong gradients that push the cor-
responding weights toward 1 to restore semantics.
Conversely, redundant or negative steps exhibit neg-
ligible impact on the prediction when replaced by
filler tokens, resulting in weights that remain close
to their initialization or converge to 0.
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Figure 2: The framework of the Pru-CoT method. Step importance is quantified by optimizing learnable weights on
a frozen LLM to minimize prediction loss. Guided by these weights, a Pruning Agent synthesizes concise rationales
by anchoring on critical steps and selectively pruning low-importance candidates to ensure that the compressed

chain remains logically faithful.

3.4 LLM-Guided Pruning with Fidelity
Constraints

The sample-specific importance weights obtained
through the global optimization establish a reliable
foundation for pruning. From the perspective of
reasoning validity, removing steps with low impor-
tance weights does not impair the model’s ability
to arrive at the correct solution from the condensed
chain. However, overly aggressive pruning can
disrupt the logical flow and linguistic coherence be-
tween steps, impeding the model’s ability to learn
from and reproduce such reasoning paths during
training. Therefore, we introduce an LLM-guided
pruning process that balances deductive efficiency
with generative fluency.

Formally, we define the set of candidate steps
for pruning Peana based on the previously obtained
importance weights:

t=1,2,...,8}, )

Peand = {St | w;tk <7,
where 7 is the importance threshold that determines
whether an inference step can be pruned or not.
Steps with importance weight w; below the thresh-
old 7 are marked as candidates for pruning, while
those with weights greater than or equal to 7 are
retained as essential and non-prunable.

Based on the candidate set, we employ an LLM-
guided pruning process. Specifically, we provide
the question, the original chain-of-thought, the can-
didate step annotations, and the final answer as
input to a LLM-based pruning agent, which then
outputs the final pruned set P C Peang. Conse-
quently, the final compressed reasoning chain is
derivedas 7' =T \ P.

During this phase, non-prunable critical reason-
ing steps serve as semantic anchors. The main
reasoning flow constructed by these semantic an-
chors assists the pruning agent in better determin-
ing whether a prunable fragment contributes to the
logical coherence of the core reasoning process,
thereby enabling more precise and efficient prun-
ing. Additionally, we carefully design the prompt
for the pruning agent to mitigate hallucination dur-
ing pruning tasks; the specific content of the prompt
is provided in Appendix A.

4 Experiments

4.1 Experimental Setup

Models. To evaluate the effectiveness and scal-
ability of our method for Chain-of-Thought prun-
ing, we employ DeepSeek-R1-Distill-Qwen-7B
and DeepSeek-R1-Distill-Qwen-1.5B (DeepSeek-
Al, 2025a) as our student backbones.
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| AIME24/25

AMC23

MATHS00 | Avg.

Methods ACU?T
| Acc.t Tokens| Acc.t Tokens| Acc.t Tokens| | Ace.t Tokens|
DeepSeek-R1-Distill-Qwen-7B
SFT ‘ 30.8 6956 70.6 5035 80.2 3691 ‘ 60.5 5227 1.16
BtC (Ding et al., 2024) 30.8 7100 71.3 5003 80.9 3591 61.0 5231 1.17
Tokenskip (Xia et al., 2025) 28.3 7084 73.1 4936 81.7 3314 61.0 5111 1.19
A*-Thought (Xu et al., 2025b) | 32.1 6867 75.0 4764 81.7 2972 62.9 4868 1.29
Pru-CoT (Ours) 38.3 6870 75.0 4674 82.6 3070 65.3 4871 1.34
DeepSeek-R1-Distill-Qwen-1.5B
SFT ‘ 21.3 7339 54.4 5262 70.6 3626 ‘ 48.8 5409 0.90
BtC (Ding et al., 2024) 15.8 7412 48.8 5231 69.5 3429 44.7 5357 0.83
Tokenskip (Xia et al., 2025) 16.7 7411 53.8 5390 74.3 3794 48.3 5532 0.87
A*-Thought (Xu et al., 2025b) 18.8 7050 48.1 3979 69.2 2843 45.4 4624 0.98
Pru-CoT (Ours) 19.2 7220 55.0 4440 70.2 3023 48.1 4894 0.98

Table 1: Experimental results of different methods on several benchmarks with an 8K-token budget. The best result
is in bold, and the second best is underlined. “ Avg.” is the average across the three datasets, and ACU balances

performance and efficiency.

Training Dataset. OpenThoughts-114k (Guha
et al., 2025) is a dataset containing 114k com-
plex problems and their reasoning chains, where
the reasoning chains are derived from DeepSeek-
R1. We randomly select 3,000 samples from
OpenThoughts-114k and filter out samples with
lengths longer than 8,192 tokens, resulting in a
subset of 2,051 samples for training. We avoid ad-
ditional filtering to preserve the original reasoning
chains for evaluating the compression performance
in a realistic way.

Evaluation Dataset. 'We benchmark our method
on three representative mathematical reasoning
benchmarks: AIME24/25 (Li et al., 2024; Zhang
and Math-Al, 2025), AMC23 (Li et al., 2024), and
MATHS00 (Lightman et al., 2024).

Baselines. We compare Pru-CoT with the fol-
lowing baselines:

e SFT: The student model fine-tuned directly
on the training dataset.

* BtC (Ding et al., 2024): A prompt-based
method. It utilizes specialized prompting
strategies to encourage the model to leverage
shortcuts.

* Tokenskip (Xia et al., 2025): A token-level
pruning method. It constructs its training
dataset by compressing traces using impor-
tance scores from LLMLingua-2 (Pan et al.,
2024), and is trained on data with mixed com-
pression ratios.

* A*-Thought (Xu et al., 2025b): A search-
based step-level framework that compresses
reasoning paths via a heuristic function and
bidirectional importance scoring.

Implementation Details. In the step-level im-
portance assessment phase, importance weight w;
is initialized to 0.5. We employ the token “.” as
the filler token. The importance weights are op-
timized for 3 epochs using the SGD optimizer
with a learning rate of 10 to minimize the solu-
tion prediction loss (Equation 2). In the subsequent
LLM-guided pruning phase, the threshold is set as
7 = 0.5, aligning with the initialization value. We
employ Qwen2.5-7B-Instruct and Qwen2.5-1.5B-
Instruct (Yang et al., 2024a,b) as pruning agents,
ensuring the agent’s capacity matches the scale of
the corresponding student model as defined in Sec-
tion 3.4. For additional experimental information,
including hyperparameter settings for training are
detailed in Appendix B.

Step Segmentation and Pruning Statistics. In
our implementation, we use two consecutive new-
line characters (“\n\n”) as the delimiter to split
reasoning chains into discrete steps. This design
choice is based on the observed generation pat-
terns of the DeepSeek-R1 series, where the model
naturally employs “\n\n” to divide relatively inde-
pendent reasoning steps. On average, each training
sample contains 76 steps. Using DeepSeek-R1-
Distill-Qwen-7B and DeepSeek-R 1-Distill-Qwen-
1.5B as student models, Pru-CoT achieves step
pruning ratios of 23.8% and 25.8%, respectively.
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Figure 3: Left: Accuracy (%) vs. maximum token
budget. Right: ACU vs. maximum token budget. Pru-
CoT consistently achieves higher accuracy and better
performance-efficiency trade-off across all budgets.

Evaluation Metrics. We adopt three metrics for
evaluation: Acc. (pass@1 accuracy), Tokens (total
length of the generated reasoning chain and an-
swer), and ACU (Ma et al., 2025) (Acc./Tokens),
which assesses the performance-efficiency trade-
off. To ensure statistical robustness, we conduct
evaluations in a zero-shot setting by performing 4
independent inference runs for each instance (tem-
perature ¢ = 0.6, top-p = 0.95). The reported
results for both Acc. and Tokens are the averages
across these trials.

4.2 Main Results

Table 1 presents the main results on several bench-
marks. Our method, Pru-CoT, demonstrates a clear
and consistent advantage. Across both model sizes
and most datasets, it achieves higher reasoning ac-
curacy while simultaneously generating shorter rea-
soning chains, which collectively lead to the high-
est ACU scores. This validates our core hypothesis:
pruning redundant content from verbose teacher-
generated reasoning paths can improve both the
quality and the efficiency of the knowledge dis-
tilled into smaller student models.

In terms of specific model performance, Pru-CoT
shows significant gains. For the 7B student model,
Pru-CoT substantially improves performance on
the challenging AIME24/25 datasets. Specifically,
accuracy on AIME24/25 improves by 7.5%, while
maintaining strong performance on AMC23 and
MATHS500 compared with other baseline methods.
For the 1.5B student model, Pru-CoT achieves
the joint-best ACU score (0.98), tying with A*-
Thought, while retaining a higher average accuracy
(48.1% vs. 45.4%). Compared to the remaining
baselines, we acknowledge a slight decline in ab-
solute accuracy, likely due to the limited capacity

66.5 1.44 49.0 1.06

Acc. (%) Acc. (%)

66.0 HEE ACU 1.40 48,5, EEm ACU 1.02
£65.5 1.36_ £48.0 0.98_
: @] : O
g65.0 132% S475 0.04<

64.5 1.28 47.0 0.90

64.0 g 124 46.5-0 15p 086

(a) (b)

Figure 4: Comparison of student performance when
pruned by same-scale vs. larger-scale models. Left: 7B
student with DeepSeek-V3.2 vs. Qwen2.5-7B-Instruct
pruning agent. Right: 1.5B student with Qwen2.5-7B-
Instruct vs. Qwen2.5-1.5B-Instruct pruning agent.

of the 1.5B model to sustain performance trade-
offs under compression. Nevertheless, Pru-CoT
offers satisfactory efficiency, reducing the average
reasoning length by approximately 9.5%.

4.3 Scalability and Robustness Analysis

To evaluate the robustness and scalability of Pru-
CoT, we conduct a comparative analysis across
varying inference token budgets ranging from
4,096 to 12,288 tokens. As shown in Figure 3a,
while the reasoning performance of all models ex-
hibits positive scaling with increased budgets, Pru-
CoT consistently outperforms all baselines, across
the entire spectrum of computational constraints.
Even at the maximum budget of 12,288 tokens,
Pru-CoT maintains its superiority and achieves the
highest accuracy, demonstrating that its advantages
are robust across different reasoning lengths rather
than confined to a specific budget. This efficiency
is further elucidated in Figure 3b, where Pru-CoT
achieves the highest ACU scores at all evaluated
points, indicating a superior performance-to-cost
trade-off. Crucially, while all methods exhibit an
expected downward trend in ACU as the budget
expands, Pru-CoT exhibits the most gradual decay.
This slower degradation suggests superior scalabil-
ity, as Pru-CoT is able to utilize extended reason-
ing paths more effectively than competitors while
maintaining higher marginal utility per token.

4.4 TImpact of Pruning Agent Scale

To investigate the impact of pruning agent scale,
i.e., the parameter size of the LLM-based prun-
ing agent used in the LLM-guided pruning phase,
we conduct controlled experiments across two dis-
tinct settings. Specifically, we introduce significant
scale disparities between the pruning agent and
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Methods ‘ AIME24/25 AMC23 MATHS500 ‘ Avg. ACUt
| Ace.t Tokens| Acc.t Tokens| Acc.t Tokens| | Ace.t Tokens|
DeepSeek-R1-Distill-Qwen-7B
SFT ‘ 30.8 6956 70.6 5035 80.2 3691 ‘ 60.5 5227 1.16
Opt. Only 33.8 6766 75.6 4662 83.1 3102 64.2 4843 1.33
LLM Only 28.8 7046 72.5 4898 80.4 3332 60.6 5092 1.19
Pru-CoT 38.3 6870 75.0 4764 82.6 3070 65.3 4871 1.34

Table 2: Ablation study of Pru-CoT on DeepSeek-R1-Distill-Qwen-7B. The best result is in bold, and the second
best is underlined. The full Pru-CoT pipeline (both stages) achieves the highest accuracy and ACU, validating the

necessity of its two-stage design.

Methods | Step1 Step2 |  Total
DeepSeek-R1-Distill-Qwen-1.5B

A*-Thought (Xu et al., 2025b) 0.32 7.67 7.99

Pru-CoT (Ours) 1.03 0.79 1.82 (4.4%)

Table 3: Time consumption (GPU hours) of A*-Thought
and Pru-CoT on the training dataset with the DeepSeek-
R1-Distill-Qwen-1.5B model.

the student model: (1) employing the highly ca-
pable DeepSeek-V3.2 (DeepSeek-Al, 2025b) to
prune traces for the 7B student model, and (2)
utilizing Qwen2.5-7B-Instruct to prune traces for
the 1.5B student model. In both cases, we com-
pare the results against our proposed scale-aligned
method. The results reveal a critical and consis-
tent trade-off. As shown in Figure 4a and Fig-
ure 4b, students trained on traces pruned by sig-
nificantly stronger agents exhibit markedly lower
performance in average accuracy, while their ACU
remains largely comparable to those pruned by
scale-matched agents.

We hypothesize that this performance drop stems
from a fundamental behavioral mismatch. A more
powerful model often internalizes certain reasoning
steps as “obvious” leading it to prune them during
trace simplification. However, these steps represent
critical scaffolding for the significantly less capable
student. Moreover, as shown in Figure 4a, although
using DeepSeek-V3.2 for trace pruning on the 7B
student model yields a slight improvement in the
ACU metric, this limited gain is completely offset
by its substantial computational cost.

4.5 Ablation Study

To validate the design of Pru-CoT, we conduct an
ablation study to analyze the contributions of its
two core components: (1) Global Optimization
and (2) LLM-Guided Pruning. Table 2 shows the
influence of each component.

Impact of Global Optimization. To evaluate the
contribution of our global optimization framework,
we introduce a variant termed Opt. Only. This
variant performs direct pruning by removing rea-
soning steps whose importance weights fall below
a predefined threshold 7. To ensure a fair com-
parison, we set 7 = 0.4 to match the 0.2 pruning
ratio achieved by the full Pru-CoT. As illustrated in
Table 2, Opt. Only exhibits a slight performance de-
cline compared to the full model, primarily because
aggressive threshold-based pruning can occasion-
ally disrupt the logical flow. Nevertheless, it still
outperforms all other baseline methods. This re-
silience underscores that our global optimization
effectively captures the underlying logical depen-
dencies and dynamic interactions between steps,
ensuring that even after coarse pruning, the remain-
ing chain retains sufficient structural integrity to
support sound reasoning.

Impact of LLM-Guided Pruning. We further
investigate the necessity of LLM-guided pruning
through a variant called LLLM Only. In this setup,
we directly prompt the LLM to compress original
reasoning chains to the target pruning ratio of 0.2.
The results in Table 2 reveal a significant deteri-
oration in performance. This drop suggests that,
absent the “semantic anchors” provided by global
optimization, the LLM struggles to identify critical
nodes and fails to maintain a logically coherent
path. This contrast reinforces our two-stage design:
global optimization identifies pruneable segments
versus essential anchors, while the LLM leverages
these anchors to execute precise pruning, thereby
preserving the overall logical integrity.

4.6 Efficiency Analysis

Table 3 presents a detailed breakdown of the time
consumption for A*-Thought (Xu et al., 2025b)
versus our proposed Pru-CoT. To ensure a fair com-
parison, all experiments are conducted under iden-
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Question: ... There are n players participating in a tennis tournament. Each player is eliminated from
the tournament after their first loss. How many matches need to be played to determine the winner?

Chain-of-Thought

Weight Prune Content

0.0 True  Okay, let’s try to figure out how many matches are needed... each match eliminates
exactly one player... So every match removes exactly one player.

1.0 False  So if we start with n players, we need to eliminate n — 1 players... Therefore, the
number of matches required should be n — 1... Let’s take some small examples.

0.0 False  For example, if there are 2 players... That checks out. If there are 3 players... That
works. What if there are 4 players?... Yeah, that also works...

0.02 True  But wait, maybe there’s a different structure... Therefore, the total number of matches
needed is always n — 1...

0.0 True  Alternatively, maybe I can think of it as a binary tournament bracket... Therefore,
the answer is n — 1.

1.0 False  Wait, but let me test with another example. Let’s take 5 players... So 5 — 1 = 4.
Correct...

1.0 False  Another way to think about it: each player except the winner loses exactly once...
Therefore, the number of matches is equal to the number of losses, which is n — 1.

0.63 False  So the key insight is that every match results in exactly one elimination... Therefore,
the number of matches required is n — 1. That seems solid.

Solution: ... 1. Key Insight: Every match eliminates exactly one player. 2. Total Eliminations Needed:

To leave one winner, n — 1 players must be eliminated. 3. Matches = Eliminations: Each match
corresponds to one elimination. Final Answer:

Table 4: A case study of Chain-of-Thought pruning using our method. The Weight column shows importance scores
derived from global optimization (Sec. 3.3), while Prune marks steps ultimately discarded by the LLM-guided phase
(Sec. 3.4). Ellipses (...) indicate content truncated for brevity.

tical GPU memory constraints. For A*-Thought,
Step 1 and Step 2 represent the bidirectional impor-
tance score calculation and the A* search process.
In contrast, for Pru-CoT, Step 1 corresponds to the
global optimization phase, while Step 2 performs
the LLM-guided pruning. The results demonstrate
that Pru-CoT significantly reduces computational
overhead, achieving a 4.4 x speedup in total execu-
tion time compared to A*-Thought (1.82 vs. 7.99
GPU hours). This highlights that Pru-CoT offers a
more computationally efficient and scalable solu-
tion for CoT pruning.

4.7 Case Study

Table 4 illustrates the pruning process of Pru-CoT
on a specific chain-of-thought example. Taking
Steps 1 and 3 as examples, both receive a weight
of 0 from the global optimization. This is because
Step 1 merely restates the problem, and Step 3 only
reiterates the answer obtained from Step 2 through

examples without introducing new insights. How-
ever, the LLM-guided pruning step retains Step 3
instead of pruning it. The reason lies in the contex-
tual flow: Step 2 ends with “Let’s consider some
simple examples”, while Step 6 begins with “Let
me test another example”, which presupposes that
an example has already been discussed. Thus, pre-
serving Step 3 helps maintain the coherence of
the reasoning narrative. This case study further
confirms that the two-stage pruning approach can
accurately identify redundant reasoning steps while
ensuring that the natural flow of the reasoning pro-
cess is retained when such steps are removed.

5 Conclusion

In this paper, we introduce Pru-CoT (Pruning
Chain-of-Thought), a novel framework for distill-
ing efficient reasoning paths from large-scale rea-
soning models. To precisely quantify the causal
contribution of each reasoning step and filter out
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“overthinking” noise, we perform step-level im-
portance estimation through a global optimization
mechanism on a frozen model. To mitigate se-
mantic discontinuity and ensure the logical valid-
ity of the compressed reasoning traces, we devise
an LLM-guided pruning process with fidelity con-
straints to synthesize concise, coherent narratives
using semantic anchors. Extensive experiments on
multiple mathematical reasoning benchmarks with
DeepSeek-R1-Distill-Qwen series models validate
the superiority of the proposed approach. In fu-
ture work, we plan to investigate its deployment in
resource-constrained settings for greater generaliz-
ability and practicality.

Limitations

Our work is subject to several limitations, primarily
stemming from computational constraints. First,
our experimental validation on Pru-CoT was con-
ducted on datasets and model scales that are rel-
atively small in size. Consequently, we were un-
able to explore the potential and scalability of our
method on larger architectures and more extensive
benchmarks. Second, due to the resource demands
of the global optimization procedure, we were un-
able to perform an exhaustive search over the hyper-
parameter space or systematically investigate the
impact of using different filler tokens on optimiza-
tion performance. These unexplored dimensions
may hold the key to further efficiency gains or ro-
bustness improvements of Pru-CoT.
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A Prompt Details for LLM-Guided
Pruning

Our LLM-guided pruning phase (Section 3.4) em-
ploys a two-part prompt: a system prompt that de-
fines aggressive pruning rules and specifies a JSON
output format, and a user prompt that provides the
problem, reasoning steps, and the corresponding
answer.

System Prompt

You are an aggressive CoT pruner. Your goal
is to remove all non-essential steps.

Core Principle:

1. Default: “prune”: True . Prune all redun-
dant steps, clarifications, or checks.

2. Exception: “prune”: False . ONLY keep
steps that are critically essential. A step
is essential only if its removal breaks the
logical chain or makes the solution impos-
sible.

3. Rule: If in doubt, prune.

Task & Format Rules:

1. You will see the thinking process in a ta-

ble.

2. ONLY focus on steps that have a Num-
ber ID in the first column. Steps with an
empty ID are protected context.

. Respond with only a JSON object.

4. Keys: Must be the Number ID from the

table (e.g., “17, “2”).
5. Values: Must be {“reasoning”: (string),
“prune”: (boolean)}.

W

Example Response:

{
“‘I". {
“reasoning”: “Prune. Step 1 is a
redundant clarification.”,
“prune”: True
}!
“2”, {

“reasoning”: “Keep. Step 2 defines
variable x...”,
“prune”: False
3
3

User Prompt Template

Here is the problem:
{user_input}

Here is the final solution:
{solution}

YOUR TASK:

Below is the full thinking process. Analyze
ONLY the steps with a Number ID in the
first column.

| ID | Thinking Step |
==

{markdown_table_rows}

For each step with an ID, decide if it can be
pruned ( True ) or if it is logically essential
( False).

Respond only with the JSON dictionary.

. 7

The reasoning steps are structured as a table with
two columns: step index and step content. In this
table, we reassign consecutive indices only to the
steps that are prunable, while leaving the index
column blank for previously defined non-prunable
steps. This design prevents the pruning agent from
hallucinating and pruning non-prunable reasoning
steps. Finally, the JSON output is parsed to identify
which specific steps should be pruned.

B Experimental Details

For the experiments in Section 3.4, we utilize the
vLLM library (Kwon et al., 2023) to accelerate
pruning. The generation process is configured with
a temperature of 0.9, a top-p of 0.95, and a max-
imum sequence length of 8,192 tokens. To maxi-
mize throughput on our hardware, we set the GPU
memory utilization to 0.9.

We implement the training pipeline described
in Section 4 using the LLaMA-Factory frame-
work (Zheng et al., 2024)%, incorporating
FlashAttention-2 (Dao, 2024) and DeepSpeed
ZeRO Stage 2 (Rasley et al., 2020) with CPU of-
floading to optimize memory usage. Models are
fine-tuned for 2 epochs using BFloat16 (BF16) pre-
cision and the AdamW optimizer with a cosine
learning rate scheduler. We set the peak learning
rate to 1 x 107° and the per-device batch size to 1

https://github.com/hiyouga/LlamaFactory
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with 16 gradient accumulation steps across 2 GPUs,
resulting in an effective global batch size of 32.

Following the training phase, evaluations are
conducted using the Im-evaluation-harness (Gao
et al., 2024)3, leveraging vLLM with a GPU mem-
ory utilization of 0.9 for acceleration. To ensure a
fair comparison, we maintain strict consistency in
the training environments across all baselines. The
SFT baseline utilizes the hyperparameters identi-
cal to those described above. For BtC, we employ
the specific prompt “Let’s skip as much as possi-
ble.” (Ding et al., 2024) based on SFT. For Token-
skip and A*-Thought, we replicate the data pro-
cessing and search algorithms detailed in their re-
spective papers (Xia et al., 2025; Xu et al., 2025b),
while keeping the base model and fine-tuning con-
figurations identical to our method to isolate the
algorithmic contributions. All experiments, includ-
ing pruning, training, and evaluation, are performed
on two NVIDIA L20 GPUs.

C Additional Experimental Results

C.1 Results on the Qwen3 Model

We evaluate the performance of the proposed frame-
work on the Qwen3-8B (Team, 2025b). As shown
in the Table 5, Pru-CoT achieves the highest aver-
age accuracy (61.8%) among all methods, while
its ACU score (1.13) is on par with that of BtC
(1.14) and significantly outperforms other base-
lines. These results demonstrate the strong general-
ization ability of our approach.

C.2 Results on a Scaled-Up Training Dataset

To assess scalability and generalization with more
training data, we expand the training dataset to
include 10k samples. We perform fine-tuning with
1 training epoch. As shown in the Table 6, Pru-CoT
achieves the highest average accuracy (66.9%) and
ACU score (1.44) among all methods. These results
confirm the strong performance of our approach
with a larger training dataset.

C.3 Results on Additional Benchmarks

To demonstrate that our method extends beyond
math problems to broader general reasoning tasks,
we conduct additional experiments on subsets of
the MMLU-Pro (Wang et al., 2024). As shown in
Table 7, the consistent performance gains across

3https://github.com/EleutherAl/
Im-evaluation-harness

these tasks confirm that our method benefits other
domains as well.

D Extending LLM Pruning with
Rewriting

Building upon the standard pruning strategy de-
scribed in Section 3.4, we further extend the LLM-
guided pruning agent in this section to support
an additional rewrite action alongside the origi-
nal keep and prune operations. The rewrite action
aims to preserve essential logical content while
compressing verbose expressions into more con-
cise forms, potentially offering a middle ground
between completely retaining and discarding steps.

However, as shown in Table 8, the rewriting vari-
ant underperforms compared to the standard Pru-
CoT. Specifically, on the challenging AIME24/25
dataset, the rewrite variant yields only 32.5% accu-
racy, a substantial 5.8 percentage points lower than
standard Pru-CoT. This performance gap suggests
that LLM-guided rewriting may introduce potential
risks, such as inadvertently altering logical seman-
tics or generating hallucinated content.

E Discussion of the License

All assets (including code frameworks, libraries,
and baselines) used in this work are publicly avail-
able and utilized in strict accordance with their
respective licenses.
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| AIME24/25 AMC23 MATHS00 | Avg.

Methods ACU?T

| Acc.t Tokens| Acc.t Tokens| Acc.t Tokens| | Acc.t Tokens|
Qwen3-8B

SFT ‘ 29.6 7428 71.3 5493 81.4 3904 ‘ 60.8 5608 1.08

BtC (Ding et al., 2024) 304 7298 69.4 5065 80.1 3463 60.0 5275 1.14

Tokenskip (Xia et al., 2025) 13.8 8000 43.8 6912 70.2 5300 42.6 6737 0.63

A*-Thought (Xu et al., 2025b) | 24.2 7549 65.0 5649 82.0 3781 57.1 5660 1.01

Pru-CoT (Ours) 29.6 7377 73.1 5322 82.6 3674 61.8 5458 1.13
Table 5: Results of different methods on Qwen3-8B.

Methods | AIME24/25 AMC23 MATH500 | Avg. ACUY
| Ace.t  Tokens| Acce.t Tokens| Acce.t Tokens| | Ace.t Tokens|

DeepSeek-R1-Distill-Qwen-7B
SFT ‘ 35.0 6925 65.0 4926 81.7 3586 ‘ 60.6 5146 1.18
BtC (Ding et al., 2024) 35.0 6921 69.4 4970 79.7 3702 61.4 5198 1.18

Tokenskip (Xia et al., 2025) 329 6923 70.0 5030 81.3 3430 61.4 5128 1.20
A*-Thought (Xu et al., 2025b) | 37.5 6578 78.1 4384 82.3 2871 66.0 4611 1.43
Pru-CoT (Ours) 41.7 6611 76.3 4478 82.6 2840 66.9 4643 1.44

Table 6: Results of different methods with a scaled-up training dataset.

Methods | Computer Science Philosophy | Avg. ACUt
| Ace.t  Tokens| Acc.t Tokens| | Acc.t Tokens|
DeepSeek-R1-Distill-Qwen-7B
SFT ‘ 33.4 2552 15.2 1923 ‘ 24.3 2238 1.09
BtC (Ding et al., 2024) 36.3 2536 13.8 1954 25.1 2245 1.12
Tokenskip (Xia et al., 2025) 33.2 2094 13.6 1323 23.4 1709 1.37
A*-Thought (Xu et al., 2025b) | 38.0 2575 15.8 1599 26.9 2087 1.29
Pru-CoT (Ours) 373 2368 18.0 1685 27.7 2027 1.37

Table 7: Results of different methods on MMLU-Pro subsets (Computer Science and Philosophy).

| AIME24/25 AMC23 MATHS00 | Avg.

Methods ACU?T
| Ace.t Tokens| Acc.t Tokens| Acc.t Tokens| | Ace.t Tokens|
DeepSeek-R1-Distill-Qwen-7B
SFT ‘ 30.8 6956 70.6 5035 80.2 3691 ‘ 60.5 5227 1.16
Pru-CoT(rewrite) | 32.5 6958 77.5 4642 81.8 3167 63.9 4922 1.30
Pru-CoT 38.3 6870 75.0 4674 82.6 3070 65.3 4871 1.34

Table 8: Comparison of Pru-CoT with and without rewriting.
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