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Abstract

Chain-of-Thought (CoT) reasoning is crucial
for the performance of Large Reasoning Mod-
els (LRMs) but is often hindered by redundant
and distracting segments, which incur exces-
sive inference costs and degrade robustness.
Existing approaches try to solve this problem
by enforcing brevity through external supervi-
sion, such as length-based penalties or heuristic
truncation. However, these approaches often
degrade performance because they disregard
the model’s intrinsic reasoning dependency
and thus fail to distinguish between essential
and redundant CoT segments. To address this
problem, we propose SGP-CoT, a novel Self-
Guided Pruning framework that leverages the
model’s intrinsic likelihood landscape to iden-
tify segments that are extraneous to its spe-
cific reasoning pattern. Specifically, SGP-CoT
treats the reasoning trajectory as a sequence
of semantic units and assesses the necessity of
each one via internal likelihood signals, mea-
suring its contribution to the answer and lo-
cal coherence. Based on this, it selectively re-
moves non-essential segments and then forms
high-quality pruning-based preference pairs,
enabling the model to learn focused reasoning
via self-optimization. Extensive experiments
across diverse benchmarks demonstrate that
the proposed SGP-CoT significantly reduces
output length while maintaining or improving
accuracy. These results validate that LRMs
intrinsically possess the capability to discern
reasoning utility, positioning SGP-CoT as a ro-
bust pathway toward scalable inference.

1 Introduction

Large Language Models (LLMs) have achieved im-
pressive performance on complex reasoning tasks
when prompted to generate explicit intermediate
steps through Chain-of-Thought reasoning (Wei
et al., 2022; Feng et al., 2023; Zhang et al., 2024).

* Co-corresponding authors.

Pioneering work demonstrate that simply adding a
few CoT exemplars in prompts enables sufficiently
LLMs to think step by step, dramatically boost-
ing performance on arithmetic, commonsense, and
symbolic reasoning benchmarks compared to di-
rect answer generation. As researchers increasingly
recognize the importance of explicit CoT in com-
plex reasoning scenarios, recent LLMs increasingly
integrate such reasoning abilities as a built-in com-
ponent (Jaech et al., 2024; Team, 2025; Guo et al.,
2025; Comanici et al., 2025).

The benefits of CoT reasoning are accompanied
by a steep cost: Large Reasoning Models (LRMs)
frequently produce verbose or digressive reason-
ing traces that inflate inference latency, and de-
ployment overhead (Chen et al., 2024; Wang et al.,
2025). More critically, such redundancy can intro-
duce noise, destabilize the reasoning process, and
ultimately degrade model robustness (Zhu et al.,
2025; Sui et al., 2025). As CoT reasoning becomes
the dominant mode for complex reasoning, improv-
ing its efficiency without sacrificing correctness has
emerged as a central challenge (Qu et al., 2025).

Existing approaches to efficient CoT reasoning
fall into two broad categories: (1) length-aware
reinforcement learning that penalizes long out-
puts (Qi et al., 2025; Cheng et al., 2025a; Team
et al., 2025), and (2) heuristic truncation that seeks
to shorten reasoning traces, for example by retain-
ing only the prefix before the first correct answer,
or by using external verifiers or curated examples
to identify valid reasoning (Munkhbat et al., 2025;
Xia et al., 2025; Zhao et al., 2025; Chen et al.,
2025). These methods have already achieved no-
table length reduction on complex reasoning tasks.

However, current methods often incur substan-
tial performance degradation due to the fundamen-
tal limitation: they operate as semantically-blind
compressors and thus cannot distinguish which seg-
ments are essential for the specific model’s rea-
soning trajectory. A step deemed redundant by a
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stronger teacher model may serve as a crucial cog-
nitive scaffold for a smaller student model. Con-
sequently, externally imposed brevity disrupts the
model’s intrinsic reasoning flow, leading to accu-
racy degradation. This raises a pivotal question:
How can we identify redundancy in a way that re-
spects each model’s unique reasoning dependency?

To address this problem, we contend that the re-
liable signal for identifying redundancy originates
from the model itself and introduce SGP-CoT, a
novel Self-Guided Pruning framework that enables
LRMs to introspectively distill their own reasoning
without external supervision. Specifically, SGP-
CoT decomposes reasoning trajectories into seman-
tic units and evaluates each unit’s necessity via
two intrinsic impact scores, measuring its contri-
bution to the final answer and to local coherence.
By selectively pruning units that are demonstrably
non-essential, SGP-CoT preserves the reasoning in-
tegrity unique to each model. The resulting concise
traces form self-guided preference pairs, enabling
the model to learn focused reasoning through pref-
erence optimization.

To demonstrate the effectiveness of SGP-CoT,
we performed entensive experiments across ar-
chitectures and model scales. Across a suite of
challenging benchmarks including AIME, GPQA-
Diamond, MATH-500, and GSM8K, we find that
models optimized with SGP-CoT consistently gen-
erate shorter, more focused reasoning traces while
preserving or even improving answer accuracy.
These results confirm a powerful insight: reason-
ing models intrinsically know which parts of their
reasoning count. SGP-CoT harnesses this self-
knowledge to provide a principled pathway toward
scalable and robust CoT reasoning. In summary,
our contributions are as follows:

* A self-assessment mechanism for reasoning
units: We formalize CoT traces as sequences
of semantic units and propose two internal
impact scores (answer impact and coherence
impact) that enable LRMs to self-evaluate the
necessity of each reasoning step.

¢ A fully self-guided pruning framework: We
introduce SGP-CoT, which requires no exter-
nal supervision, verifiers, or curated data. It
uses only the model’s own likelihood signals
to perform fine-grained, model-aware pruning
and to construct preference pairs for training.

* Empirical validation across models and
tasks: We demonstrate that SGP-CoT gen-
eralizes robustly, reducing reasoning length

while preserving or enhancing accuracy across
diverse benchmarks and model families.

2 Related Work
2.1 Chain-of-Thought Reasoning in LLMs

Chain-of-Thought reasoning has become a cen-
tral framework for enabling LLMs to solve com-
plex, multi-step problems. Early work showed that
when LLMs are prompted to generate intermedi-
ate reasoning steps, they achieve significantly bet-
ter performance on tasks requiring compositional
thinking, such as arithmetic, logical deduction, and
multi-hop question answering (Wei et al., 2022;
Wang and Zhou, 2024). By providing exemplars
with detailed reasoning traces in prompts or sim-
ple cues in natural language, models learn to de-
compose problems into sequential steps that guide
inference more effectively than direct answer gen-
eration (Xu et al., 2024; Zhao et al., 2024a).

While explicit CoT prompting improves reason-
ing accuracy, it relies on surface-level rationales
that are token-inefficient and sensitive to prompt
design (Han et al., 2025a; Xu et al., 2025; Lee et al.,
2025; Renze and Guven, 2024). This limitation has
spurred research into latent reasoning mechanisms,
which aim to elicit or leverage reasoning internally
within the model without producing full textual
rationales (Hao et al.; Shen et al., 2025b,a). For
example, modified decoding strategies can surface
hidden reasoning paths, and training schemes with
implicit step-level supervision help models internal-
ize reasoning patterns more efficiently (Wei et al.,
2025; Xu et al., 2023). These approaches suggest
that CoT-like reasoning capabilities are not solely
artifacts of explicit prompts but can be intrinsic to
model representations and inference dynamics.

Together, this line of work reflects a progression
from prompting-dependent CoT toward methods
that uncover or cultivate reasoning as an internal
model process, improving both efficiency and ro-
bustness in LLM decision making.

2.2 Efficient Reasoning

As verbose CoT outputs incur high inference cost
and can include redundant steps, efficient reason-
ing has emerged as an active research area. A num-
ber of approaches aim to mitigate the overthink-
ing phenomenon in CoTs by reducing unnecessary
reasoning length while maintaining accuracy. Ex-
isting efforts to mitigate this issue can be broadly
categorized into three directions (Sui et al., 2025).
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(1) Model Optimization. This line improves rea-
soning efficiency through post-training techniques,
primarily reinforcement learning (RL) and super-
vised fine-tuning (SFT). RL-based approaches de-
sign length-aware or budget-sensitive rewards to
penalize excessive reasoning (Qi et al., 2025; Guo
et al., 2025), while SFT-based methods rely on cu-
rated or compressed CoT data to encourage shorter
reasoning paths (Munkhbat et al., 2025; Xia et al.,
2025). These methods often incur high training
cost or depend on externally generated pruning sig-
nals. (2) Reasoning Output Optimization. These
methods reduce reasoning length at inference time
by modifying generation behavior, such as com-
pressing intermediate steps (Xia et al., 2025), dy-
namically halting generation when confidence is
deemed sufficient (Chen et al., 2025), or bypassing
explicit reasoning via prompting (Zhao et al., 2025).
Such approaches typically require auxiliary heuris-
tics or confidence estimators that are not intrinsic
to the model’s reasoning process. (3) Constraint-
based Reasoning Control. A related line regulates
reasoning by imposing explicit constraints, such
as token budgets, early-exit rules, or prompt-level
controls (Han et al., 2025b; Cheng and Van Durme,
2024). While effective in limiting verbosity, these
methods restrict generation behavior externally and
do not equip models with an internal mechanism
to assess which reasoning steps are essential.

3 Method

Guided by the insight that redundancy is model-
specific, we introduce SGP-CoT, a Self-Guided
Pruning framework that enables LRMs to distill
their own reasoning using only internal signals. As
illustrated in Figure 1, SGP-CoT operates in three
stages, and the following sections detail each one.

3.1 Data Collection and Reasoning Unit
Segmentation

To enable self-guided pruning, we first construct
a model-specific dataset of reasoning traces and
establish a procedure to decompose them into se-
mantically coherent units. This stage yields the
structured data necessary for subsequent impact
analysis.

Diverse Response Sampling For each input
prompt [ drawn from a multi-domain reasoning
corpus, we generate n diverse responses using tem-
perature and nucleus sampling. We employ a tem-
perature of 0.6 and top-p of 0.95 to encourage vari-

ation in reasoning style and length. The resulting
set R(I) = {R1, Rq, ..., R,} includes both cor-
rect and incorrect answers, as well as reasoning
traces of varying verbosity. From R(I), we re-
tain only those responses that yield a correct final
answer; these form the candidate pool R (I) for
subsequent pruning. Please refer to Appendix B
for more details of data processing.

Segmentation Trigger Identification To split
a reasoning trace into meaningful sub-steps, we
adopt a line-based segmentation strategy widely
used in recent CoT analysis work (Qian et al., 2025;
Zhu et al., 2025). We observe that LRMs often use
discourse markers or logical operators at the be-
ginning of a reasoning line to signal a new logical
unit. To identify these segmentation triggers in
a data-driven manner, we compute the empirical
distribution of the first token of each line across
all sampled responses. Concretely, let L(R) de-
note the set of lines in response R. For each line
| € L(R), we extract its first token g ({). We then
aggregate these tokens over all R € | J; R([) and
select the top-k most frequent tokens as the segmen-
tation trigger set 7ge,. Please refer to Appendix C
for trigger distributions of different models.

Structured Representation of Reasoning Units
Using the triggers 7Tg,, We segment each reason-
ing trace R into an ordered sequence of reasoning
units Y = (U, Us, ..., Upy,), where each unit U;
is a contiguous block of tokens that represents a
logically self-contained sub-step. Formally, if R
consists of tokens (1, ta, . .., tr), we insert a unit
boundary before every token t; such that t; € Tseg
and ¢; is the first token of a line. The resulting units
are non-overlapping and cover the entire reasoning
part of R (excluding the final answer). We denote
the structured representation of a response as:

[BOT)U,Us . .. U, [EOT] A, (1)

where [BOT] and [EOT] are special tokens marking
the start and end of the reasoning trace, and A is
the final answer token sequence. This unit-level
decomposition is the foundation for the likelihood
analysis and pruning later described.

3.2 Impact Assessment and Self-Guided
Pruning

After being segmented into reasoning units, the
CoT traces will then go through the impact assess-
ment and self-guided pruning procedures. The core
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Figure 1: Overview of the three-stage SGP-CoT framework: (1) data collection and reasoning unit segmentation, (2)
impact assessment and self-guided pruning, (3) preference data construction and training. In Step 3, sampling-based
pairs are constructed from a shorter correct response and a longer incorrect response from the sampled pool, while
pruning-based pairs are constructed from a pruned correct trace and its original longer correct trace.

of this step is to assess the necessity of each unit
using two intrinsic impact scores derived solely
from the model’s likelihood landscape. The details
of how these scores are defined are shown below.

3.2.1 Likelihood Analysis and Impact Scores

For a given input prompt I, a structured reasoning
trace U, and a final answer A = (aq,...,ar), we
analyze the influence of each reasoning unit U;
by comparing the model’s generation likelihoods
with and without that unit. This analysis yields
two complementary impact scores that quantify the
unit’s contribution to the final answer and to local
coherence, respectively.

Answer Impact. We first evaluate how much U;
affects the model’s confidence in generating the cor-
rect answer. The average token-wise log-likelihood
of the final answer given the full reasoning trace is:

L
Z log P(a; | I,Utim, Ar;j-1).  (2)

To isolate the contribution of U;, we compute a
counterfactual likelihood by removing it:

1 L
'CAfz—*Z
1

L
Jj=
log P(aj | I,Uti—1, Uit1:m, A1;j—1). (3)

The answer impact of U; is then defined as:

AYy=La— LA “4)
A positive i indicates that U; increases the
model’s conﬁdence in the correct answer, marking
it as answer-critical. Conversely, a negative value
implies that removing U; actually improves answer
likelihood, suggesting that the unit is distracting or
misleading.

Coherence Impact. Even if a reasoning unit does
not directly influence the final answer, it may facil-
itate smooth transitions between consecutive steps.
To capture this local effect, we measure how well
the model predicts the next unit U;, with and with-
out U;. The average token-wise likelihood of U1
given the full prefix is:

Lo=— > logP(t| I,UL;,USY),
| Z+1| teU,
i+1
)
and its counterfactual counterpart after removing
U, is:
Lk S log P(t| I,Uwi-1,USY).

teU;q1
(6)
The coherence impact of unit Uj; is then defined as:

ﬂ':!U 1

=Ly — Ly (7)

(2
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A positive ’C indicates that U; supports fluent
and logically consistent continuation of reasoning.
Near-zero or negative values suggest the unit can
be omitted without harming local coherence.
These impact scores form the basis of our
self-guided pruning strategy, allowing the model to
distinguish between essential and expendable rea-
soning steps using only its own likelihood signals.

3.2.2 Pruning Strategy

To translate impact scores into a concrete pruning
decision, we introduce two thresholds: 74 for an-
swer impact and 7¢ for coherence impact, with de-
fault values 0.01 and 0.5 respectively. Their values
are determined through preliminary experiments
to balance pruning aggressiveness with accuracy
preservation (see Section 4.3.4 and Appendix E
for analysis). Using these thresholds, we apply a
conservative pruning strategy that removes units
deemed non-essential on both dimensions. The
strategy follows three core principles:

* Preserve answer-critical units. Any unit
with Afg > T4 is always retained, because
its removal would meaningfully reduce confi-
dence in generating the correct answer.

* Buffer coherence-supporting units. Units
that are not answer-critical (A < 74) but
exhibit substantial coherence support (Aic >
Tc) are not discarded immediately. Instead,
they are placed in a temporary buffer, allowing
the algorithm to examine whether they collec-
tively precede a later answer-critical step.

* Prune only when safe. Units that satisfy nei-
ther condition (Ai‘ < 74 and Aic < T¢) are
removed directly. Buffered units are commit-
ted (i.e., permanently kept) only if a subse-
quent answer-critical unit appears; otherwise,
the entire buffer is discarded. This prevents
the retention of long, non-essential reasoning
chains that merely maintain local fluency with-
out contributing to the final answer.

This buffered retention mechanism specifically cap-
tures preparatory reasoning chains whose value
only becomes apparent through a later answer-
critical step, while avoiding the combinatorial cost
of enumerating arbitrary higher-order unit interac-
tions. The algorithm is formalized in Appendix D.

3.3 Preference Data Construction

To teach the model to generate concise rea-
soning without sacrificing correctness, we con-
struct a compact preference dataset and optimize

the model using Direct Preference Optimization
(DPO) (Rafailov et al., 2023), which directly aligns
the model’s generation behavior with the objective
of producing focused, non-redundant reasoning.
For each input prompt I, we build two comple-
mentary types of preference pairs that collectively
provide a strong and balanced signal for learning
conciseness while preserving accuracy.

Pruning-based preference pairs. Let O; denote
a long reasoning trace that yields a correct answer.
Applying the pruning strategy described in Sec-
tion 3.2.2 produces a pruned version Oy that is
shorter yet still correct. We form a preference pair
(Op, Op) where the pruned correct trace Oy is pre-
ferred over the original longer trace Oy, as it pre-
serves correctness while being more concise. These
pairs directly encode the self-guided pruning signal
and teach the model to omit redundant units while
retaining essential reasoning steps.

Sampling-based preference pairs. From the di-
verse sampling pool R (1), we select two responses
of different lengths: a shorter correct response Og
and a longer incorrect one Oy, with |O4| < |Oy].
We then construct a preference pair (O, O;) where
the shorter correct response is preferred. These
pairs provide additional regularization by encour-
aging the model to favor naturally concise and
correct reasoning patterns present in its own sam-
pled outputs, complementing the more targeted
pruning-based signal for stabler optimization.

4 Experiments

4.1 Experimental Setup

Models and Baselines. We experiment with five
publicly available LRMs spanning distinct model
families and parameter scales, including DeepSeek-
Distill-Qwen-1.5B & 7B, DeepSeek-Distill-Llama-
8B (Guo et al., 2025), and OpenMath-Nemotron-
1.5B & 7B (Moshkov et al., 2025). To situate our
method within the landscape of efficient reason-
ing approaches, we compare SGP-CoT with two
representative strong baseline methods:

* LC-R1 (Cheng et al., 2025b) employs a com-
bination of length and compress reward in
GRPO training, which simultaneously encour-
ages overall conciseness and removes invalid
reasoning steps.

* L1 (Aggarwal and Welleck, 2025) optimizes
reasoning models using reinforcement learn-
ing with explicit length constraints. We eval-
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| AIME 2024 | GPQA Diamond | MATH-500 | GSMSK
Model Method
| Pass@11 Tokens| | Pass@1f Tokens| | Pass@l1f Tokens| | Pass@1 Tokens|
Baseline | 32.7 13243 | 336 10075 | 81.6 4181 | 78.4 1069
LC-R1 26364y 7566490 | 32313, 61943550 | 80.805, 20045519, | 76400 547us.8%,
DS-Qwen-l.SB L1-Exact 23'7901 272079-5%i 2904(“ 3 150(53-7%$ 81 '20v4l 238742~9%i 85'47-0T 147938-4%T
L1-Max 23.75;.[& 271379_5«/;¢ 28.84‘81 329967.3“/& 81.4()‘2¢ 159361-9%i 86.27,5T 166155_4%¢
SGP-CoT | 32304, 84983559, | 341051 63953550 | 81.80.21 24264509 | 793001 6394029,
Baseline | 52.3 10400 | 48.5 8213 | 92.0 2793 | 84.9 532
LC-R1 48746, 64963750, | 50.015 6219350, | 91604 142249 10 | 84405, 4124560,
DS-Qwen-7B  LI-Exact | 39.7126, 34084720, | 46.225, 36325580, | 90.812, 12945570, | 89445 136715700t
L1-Max | 42.0103, 3433¢7.0%, | 46.223, 36435569, | 90.61.4) 12215639 | 90.1501 85660 9ot
SGP-COT | 52.7g41 69653300, | 50.82.31 56923079, | 934140 16873960, | 857081  41dos g9
DS-Llama.gp  Baseline | 447 11734 495 8985 86.2 3654 78.8 941
SGP-CoT | 44.00.7, 66324357, | 497021  505ly35%) | 864001 18864549 | 794061 71004 50,
Nemotron.1.5p Bascline | 55.3 12416 24.0 9600 86.6 4179 71.5 3292
: SGP-CoT | 55.003;  100201930,) | 25.31.31  6981y730, | 84.600; 31800309 | 77500 23499560,
Nemotron.7p  Bascline | 703 11376 31.6 8761 92.4 3792 89.5 1982
SGP-CoT | 70.3 90192“-7%l 33.1 1.5+ 634327.6%L 92.80,” 2943224‘7@ 90-O(J..’>T 161 118.7‘Z¢

Table 1: Experimental results across models and benchmarks. Blue footnotes indicate sub-optimal performance; red
footnotes highlight improvements over the baseline. Length reduction is shown as decrease relative to the baseline.

uate two variants: (1) L1-Exact enforces an

exact token budget during training, and (2) L1-

Max imposes a soft maximum length penalty.
For both baseline methods, we include their re-
leased checkpoints for DeepSeek-Distill-Qwen-
1.5B and 7B and evaluate them under the same
inference settings as our method.

Benchmarks. We evaluate on four reasoning
benchmarks that cover a spectrum of difficulty,
domain, and required reasoning style: (1) AIME
2024 (Zhang and Math-Al, 2024): competition-
level math reasoning with short-input, high-
difficulty tasks; (2) GPQA Diamond (Rein et al.,
2024): graduate-level physics reasoning requiring
multi-step symbolic argumentation; (3) MATH-
500 (Lightman et al., 2023): a mid-scale hard math
benchmark used widely for reasoning evaluations;
(4) GSMSK (Cobbe et al., 2021): grade-school
math problems, included to test behavior under
easy tasks with inherently short CoTs.

Training Settings. For each model, we construct
a training dataset of about 1.5K preference pairs
following the procedures in Section 3, using about
800 math problems from pre-2023 AIME and 1,000
science questions from Mixture-of-Thoughts (Face,
2025). The model is trained via DPO with an addi-
tional SFT loss component(x 1.0). Further details
regarding dataset composition and training setup
are provided in Appendices B and F.

Inference Settings. To better reflect real-world
LLM usage scenarios, we employ sampling-based
decoding. Specifically, we generate n responses
per prompt, where n = 10 for AIME 2024, n =4
for GPQA Diamond and n = 2 for MATH-500 and
GSMSK. We set the temperature to 0.6 and top-p
to 0.95 to encourage diverse outputs. We employ
vLLM (Kwon et al., 2023) and LightEval (Habib
et al., 2023) for inference and evaluation. We report
Pass@1 which estimates the correctness of a single
randomly sampled response, i.e., the k = 1 case of
the standard Pass @k estimator (Chen et al., 2021).

4.2 Main Results

Table 1 summarizes the performance of CoT-SGP
and baseline methods across four reasoning bench-
marks and five model families. The key findings
can be organized into three principal observations:

SGP-CoT consistently preserves or improves
accuracy while reducing reasoning length,
achieving a favorable trade-off compared to
length-focused baselines. Across all bench-
marks and models, SGP-CoT maintains or slightly
enhances Pass@ 1 accuracy while shortening CoT
traces by 20-50% on challenging tasks (AIME
2024, GPQA Diamond, MATH-500) and by 15-
30% on simpler tasks (GSM8K). While LC-R1
achieves more aggressive compression, its accu-
racy drop indicates that their definition of invalid
thinking and length-based rewards discourage the
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generation of essential steps. In contrast, SGP-
CoT’s moderate but consistent length reduction
stems from its ability to retain model-critical rea-
soning scaffolds. This aligns with our hypothesis
that self-guided pruning preserves model-critical
reasoning steps.

SGP-CoT generalizes robustly across model
architectures and scales, confirming that
unit-level impact signals are model-agnostic.
Qwen-based, Llama-based, and Nemotron-based
models all exhibit similar trends in length reduc-
tion and accuracy preservation, regardless of differ-
ences in pretraining data, architecture, or parameter
count. This indicates that the likelihood-based im-
pact scores (A 4 and A¢) capture reasoning impor-
tance through universal generation dynamics rather
than model-specific heuristics.

Even on tasks with already-concise reasoning,
SGP-CoT identifies and prunes minor redun-
dancies without harming performance. On
GSMSK, where baseline CoTs are naturally short,
SGP-CoT still reduces token count notably while
keeping accuracy stable. This suggests that LRMs
tend to over-elaborate even when fewer steps would
suffice, and that self-guided pruning can improve
efficiency in such scenarios.

The above results highlight a clear methodologi-
cal distinction. Previous length-driven approaches
excel at aggressive compression but often sacrifice
accuracy, making them suitable when token bud-
gets are extremely tight and some performance loss
is acceptable. By contrast, SGP-CoT prioritizes
accuracy-preserving efficiency. While its length
reductions are more moderate, it consistently main-
tains or improves correctness: a crucial property
for high-stakes reasoning applications. Thus, SGP-
CoT complements rather than replaces prior meth-
ods, offering a self-guided pathway to efficient rea-
soning when reliability cannot be compromised.

4.3 Ablation and Analysis

4.3.1 Impact of Pruner-Student Mismatch

To validate the core hypothesis that redundancy
is model-specific and self-guided pruning is thus
essential, we conduct two complementary analyses.

Perplexity Probe: Self-Pruning Minimizes Dis-
ruption. We measure how pruning decisions
from different models affect a target model’s un-
derstanding. For each of our five student mod-
els, we compute the relative increase in perplexity

DS-Qwen-1.5B

DS-Qwen-7B

DS-Llama-8B

Student Models

Nemotron-1.5B

Nemotron-7B

Figure 2: Relative PPL increase of responses after prun-
ing by different models. Diagonal dominance confirms
that self-guided pruning best preserves a model’s own
reasoning coherence.

(PPL) when their CoT traces are pruned by various
pruners (using SGP-CoT for open-source pruners
and prompting for GPT-5). Results in Figure 2
show a clear diagonal advantage: the lowest PPL in-
crease consistently occurs when the pruner and the
student are the same model. This directly demon-
strates that a model’s own pruning signals best pre-
serve its reasoning continuity; steps removed by
external pruners often confuse the student, increas-
ing its uncertainty.

Pruner-Student Mismatch in Training. We
next test whether this confusion translates to down-
stream performance. We train a student model
(DS-Qwen-7B) using preference pairs constructed
from three external pruners. As shown in Table 2,
while other pruners may yield more aggressive
compression, they cause significant accuracy drops
(e.g., up to 8.3 points on AIME). In contrast, self-
pruning maintains accuracy while still achieving
substantial length reduction. This confirms that
externally imposed pruning disrupts the student’s
intrinsic reasoning scaffolds, whereas self-guided
pruning respects its cognitive dependency.

Together, these analyses provide mechanistic ev-
idence for SGP-CoT’s design: only a model’s in-
ternal signals can reliably distinguish its own re-
dundant steps, enabling efficient pruning without
compromising reasoning integrity.

4.3.2 Impact of Pruning Strategy

To isolate where the pruning gains come from, we
compare full SGP-CoT with two targeted modi-
fications of the pruning rule (w/o Retention and
w/o A¢) and with a rate-matched random pruning
baseline:
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Ablation o . | AIME 2024 | GPQADiamond | MATH-500 | GSMSK
Target ‘ Pass@11 Tokens] ‘ Pass@11 Tokens| ‘ Pass@11 Tokens] ‘ Pass@11 Tokens|
Baseline 52.3 10400 48.5 8213 92.0 2793 84.9 532
SGP-CoT 527041 69653300, | 50.8231 56923079, | 9B4iar 16873969, | 85708t 4149009
Teacher DS-Qwen-1.5B | 49.756, 75149779, | 50.52.01 600856 59, 91604y 20219769, | 85405t 4611339,
Model DS-Llama-8B 45.07»;“ 61794[)‘(;«/& 48'20-3l 526935.6“/& 92~80.8T 156743'9(7/;\( 8480 1) 4641243%l
DS—QWGI’]—32B 44~08.3¢ 5467,17_1%¢ 48.5()_() 391252-’1%l 90614l 1411 19.5% 83'21-7¢ 42120-9%L
Pruning w/o Retention 52.31] 0 82792[)4%l 51 -OZ.SA 6899 16.0%/ 92'80-5T 210724'(3%Y 86.0[]_5A 468 12.0%
Strate w/o AC 48.34.(» 617940.(i%i 48.5()_() 391252-4%i 90.6|,4i 141 149'5%\( 83.2[_7¢ 4212(“)%&
8y Random Pmning 40.312.[“ 732929-5%i 44'54-0l 631923-1%l 88.83.2L 184733_9%\/ 85.7[].5* 43218.8%L
Training w/o SFT 49-72.6,L 833719‘8‘7‘,L 50.72_% 702614-5%L 92.70_71 230417»5%v 85.10_%
Objective ~ w/o DPO 40.3120p 173176659+ | 48.00.5, 17941 118.4%+ | 91208, 37743519+ | 85.40.5¢

Table 2: Results of ablation studies on DeepSeek-R1-Distill-Qwen-7B. Rows labeled with “w/0” indicate ablations

where the component is removed.

w/o Retention. Removing the coherence-guided
buffering mechanism (i.e., always keeping units
with A¢c > 7¢) yields accuracy similar to full
CoT-SGP but drastically reduces length compres-
sion. This indicates that coherence-supporting
units, while not directly answer-critical, often con-
stitute a large portion of the reasoning trace; retain-
ing them all severely limits efficiency gains.

w/o Ac. Pruning based solely on answer impact
(A 4) leads to more aggressive length reduction on
hard benchmarks (40-53% length reduction) but
causes significant accuracy drops (up to 4 points
on AIME 2024). This confirms that many units
which are not answer-critical still provide necessary
contextual support for maintaining logical flow;
removing them indiscriminately disrupts reasoning
coherence and hurts final correctness.

Random Pruning. Removing units at the same
rate as CoT-SGP but without using impact scores
results in comparable length reduction, but accu-
racy drops sharply (up to 12 points on AIME 2024).
This contrast underscores that our self-guided im-
pact scores are essential for distinguishing redun-
dant from essential content.

Together, these ablations validate the design of
the coherence-aware buffering mechanism: it en-
ables selective retention of coherence-supporting
units only when they precede answer-critical steps,
thereby achieving meaningful compression while
safeguarding logical continuity and accuracy.

4.3.3 Training Objective Comparison

We adopt DPO with an additional SFT loss for
stabler training. To validate the effectiveness of this
optimization objective, we compare CoT-SGP’s
full training setup with two alternatives:

100 100
40 4
50 ; ol —
20 0 20

-2 -1 0 1 2 -3 -2 -1 0 1
74(2"x 1072) 7c(2")

Pass@]1 (%)

Token Reduction (%

(a) Answer Impact (b) Coherence Impact

Figure 3: Results of DeepSeek-R1-Distill-Qwen-7B
with SGP-CoT on different impact thresholds.

w/o SFT Using DPO without the SFT component
yields less length reduction and leads to a notice-
able accuracy drop on harder benchmarks. This
suggests that the auxiliary MLE loss helps stabilize
training when pruning signals are sparse.

w/o DPO Replacing DPO with naive SFT not
only fails to shorten CoTs but actually increases rea-
soning length sharply on three benchmarks, while
accuracy drops substantially. This underscores a
fundamental limitation of token-level likelihood
objective in this setting: SFT tends to reproduce
verbose patterns in the training data, whereas pref-
erence alignment directly optimizes the relative
preference between concise and verbose traces.

4.3.4 Sensitivity of Impact Thresholds

We systematically vary the answer-impact thresh-
old 74 and the coherence-impact threshold 7¢
within reasonable ranges (see Appendix E). Re-
sults in Figure 3 show that 74 exerts a stronger
influence on both accuracy and compression rate
than 7¢, reflecting the higher discriminative power
of answer-impact in identifying essential reasoning.
While performance remains stable across a broad
central region of both thresholds, extreme values
lead to more pronounced changes, validating the
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Model Method  Avg. Lat. (s)] Reduction]
Baseline 640 -
LC-R1 391 38.9%

DS-Qwen-1.5B L1-Exact 197 69.2%
L1-Max 202 68.5%
SGP-CoT 328 48.7%
Baseline 834 -
LC-R1 446 46.5%

DS-Qwen-7B  L1-Exact 272 67.4%
L1-Max 229 72.5%
SGP-CoT 470 43.6%

Table 3: Average end-to-end latency across the four
benchmarks under identical hardware conditions (sin-
gle H800 GPU). Detailed per-benchmark results are
reported in Appendix H.

necessity of both impact measures. Our chosen
defaults reside in the Pareto-optimal region that
balances length reduction with accuracy preserva-
tion, confirming that the framework is robust and
does not require delicate threshold tuning.

4.3.5 Efficiency Analysis

Latency reductions track token reductions un-
der matched hardware. Table 3 shows that the
token savings in Table 1 translate into clear wall-
clock gains under identical hardware conditions.
SGP-CoT reduces average end-to-end latency by
over 40% on DeepSeek-Distill-Qwen-1.5B and
7B. These reductions are slightly larger than the
corresponding average token reductions, suggest-
ing that SGP-CoT preferentially prunes extra-long
responses that are expensive to decode (see Ap-
pendix G). The full per-benchmark numbers in Ap-
pendix H exhibit the same trend on all four datasets.

Deployment tradeoffs. The results of efficiency
analysis also suggest that different methods are
preferable under different deployment priorities.
LC-R1 and especially L1 are preferable when
stronger compression is the main goal and some
performance decay is acceptable, whereas SGP-
CoT is better suited to accuracy-sensitive settings,
where it still provides substantial efficiency gains
while more consistently preserving performance.

4.3.6 Preference-Data Scale Analysis

A compact preference set offers the best balance
between compression and stability. Figure 4
shows that increasing the preference data from
1.5K to 10K-30K samples yields only marginal
additional compression, while larger datasets in-
creasingly hurt hard-benchmark accuracy, most
clearly on AIME 2024. This behavior supports

—@— AIME 2024 —#— GPQA Diamond —@— MATH-500

®
2
£ 60
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6
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% 4
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— —td
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Training Set Scale
(b) Reasoning Length

Figure 4: Effect of preference-data scale on DeepSeek-
R1-Distill-Qwen-7B.

the conservative design choice adopted throughout
our experiments: a compact preference set is suf-
ficient to adjust verbosity while better preserving
the model’s underlying reasoning capability.

A small preference set keeps adaptation light.
This small-scale preference-data regime is appeal-
ing not only for stability but also for practicality.
The 1.5K setting also keeps both data construction
and training cost low, enabling efficient reason-
ing through lightweight adaptation rather than the
large-scale post-training often used.

5 Conclusion

We propose SGP-CoT, a self-guided pruning frame-
work that enables reasoning models to identify and
remove model-specific redundant steps using their
internal likelihood signals. By assessing each rea-
soning unit’s impact on answer confidence and
local coherence, SGP-CoT performs fine-grained
pruning that preserves the model’s own reasoning
scaffolds. Experiments across model families and
benchmarks show consistent length reduction with-
out accuracy loss, and the latency results further
confirm that these token savings translate into prac-
tical efficiency gains. Overall, our work suggests
that LRMs intrinsically know which parts of their
reasoning matter, offering a lightweight step toward
more efficient and self-aware reasoning.
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Limitations

While SGP-CoT demonstrates strong performance
across diverse reasoning tasks, we acknowledge
several limitations that suggest directions for future
work:

Dependence on structured reasoning formats.
The framework assumes reasoning traces are ex-
pressed as explicit, step-by-step rationales with dis-
cernible logical transitions. In settings where mod-
els produce highly condensed or implicitly struc-
tured reasoning, such as in some latent reasoning
approaches or heavily optimized instruction-tuned
models, the unit segmentation mechanism may
struggle to identify semantically coherent bound-
aries. Extending SGP-CoT to such settings would
require complementary techniques for reasoning
decomposition or latent step detection.

Independent unit scoring is still an approxima-
tion. Our answer-impact and coherence-impact
scores are computed at the individual-unit level.
The buffered-retention mechanism partially relaxes
this independence assumption by preserving short
chains of coherence-supporting units when they
precede a later answer-critical step, but it does not
model arbitrary higher-order interactions among
multiple individually weak units. Capturing such
combinatorial dependencies would require evalu-
ating subsets of units, whose cost grows exponen-
tially with trajectory length. A more expressive yet
tractable approximation of these interaction effects
remains an important direction.

Preprocessing overhead for impact analysis.
Although SGP-CoT is training-efficient and re-
quires no external supervision, the self-guided prun-
ing phase still requires multiple forward passes
to score each reasoning unit. In practice, part of
this cost can be amortized: consecutive counter-
factual evaluations share long prefixes, enabling
KV-cache reuse, and optimized inference runtimes

such as vLLM further reduce the overhead. Under
our setup, impact analysis for a 7B—8B model re-
mains within a modest preprocessing budget (under
10 H800 GPU hours), but the cost is still non-trivial
for very long trajectories or much larger datasets.
Future work could explore approximate scoring
methods or early pruning heuristics to further im-
prove scalability while retaining pruning fidelity.
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A Ethical Considerations

A.1 Datasets

All datasets used in this work are publicly available
and widely adopted in the reasoning literature. We
confirm their licenses and content characteristics,
as illustrated in Table 4.

Dataset | License
AIME Apache 2.0
GPQA Diamond CC-BY-4.0
MATH-500 MIT
GSM8K MIT
Mixture-of-Thoughts | Apache 2.0

Table 4: Licenses of all datasets used in this work.

All datasets consist of abstract reasoning prob-
lems without personally identifiable information
(PII), sensitive topics, or harmful content. Their
use is consistent with their intended research pur-
poses.

A.2 Models

We use publicly released model checkpoints with
permissible research licenses, as illustrated in Ta-
ble 5. All models are used in accordance with their
respective license terms.

Model ‘ License
DeepSeek-R1-Distill-Qwen (1.5B / 7B) MIT
DeepSeek-R1-Distill-Llama (8B) MIT
OpenMath-Nemotron (1.5B / 7B) CC-BY-4.0

Table 5: Licenses of all models used in this work.

A.3 Generated Content

During training and evaluation, models generate
reasoning traces and final answers. We manually
inspected a random sample of 100 generated traces
and found no instances of harmful, biased, or sen-
sitive content. All generated text pertains strictly
to the reasoning tasks (mathematics and science).

A.4 Energy and Resource Usage

Training SGP-CoT is lightweight due to the use
of LoRA and small preference datasets (~1.5K
samples per model). Total GPU hours across all ex-
periments were approximately 200 hours on H800
GPUs. We acknowledge the carbon footprint as-
sociated with this compute and encourage future
work to further optimize efficiency.

A.5 Broader Impact

This work aims to improve the efficiency of rea-
soning models, which could reduce inference costs
and energy consumption in real-world deployments.
However, more efficient reasoning could also lower
the barrier to deploying LLMs in sensitive or high-
stakes domains. We encourage practitioners to ac-
company efficiency improvements with appropriate
safeguards, fairness audits, and transparency mea-
sures.

B Dataset Statistics

B.1 Dataset Composition

The training dataset for each model is constructed
by applying the self-guided pruning pipeline to
two distinct reasoning corpora: mathematics and
science question-answering (QA). The mathemat-
ics portion comprises approximately 800 problems
from the AIME dataset (years prior to 2023), pro-
viding challenging multi-step reasoning traces. The
QA portion contains roughly 1,000 science-domain
questions sampled from the Mixture-of-Thoughts
dataset. After pruning and preference-pair gener-
ation, the resulting dataset for each target model
consists of about 1.5K preference samples. The
final data maintains an approximate 3:2 ratio of
pruning-based preference pairs to sampling-based
pairs, and a roughly 1:1 balance between mathemat-
ics and QA examples. All samples are filtered to
ensure that the preferred (shorter) response remains
correct, guaranteeing a clean supervision signal for
DPO training.

B.2 Length Distribution of Generated
Responses

To characterize the reasoning behavior of differ-
ent models before pruning, we analyze the token-
length distributions of generated responses across
two domains: mathematics and scientific QA. Fig-
ure 5 illustrates the distribution of response lengths
for three representative models: DeepSeek-R1-
Distill-Qwen-7B, DeepSeek-R1-Distill-Llama-8B,
and OpenMath-Nemotron-7B. Responses are cat-
egorized as correct or incorrect based on final-
answer accuracy.

Key observations emerge from these distribu-

tions:

* Correct responses exhibit a left-skewed uni-
modal distribution in both domains. Math-
ematical reasoning traces are systematically
longer on average, reflecting the step-intensive
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Figure 5: Distribution of the number of tokens in the sampled responses for training. Blue lines indicate the

probability density of the correct responses (p.), while

nature of competition-level problem-solving
compared to structured science QA.
Incorrect responses show distinct patterns
across domains: In science QA, incorrect
responses follow a length distribution simi-
lar to correct ones, suggesting errors stem
from logical missteps rather than excessive
verbosity. In mathematics, incorrect responses
are markedly longer (peak > 10K tokens) and
exhibit higher variance. A substantial frac-
tion exceeds 32K context limit, indicating that
models often enter repetitive loops or “over-
think” when failing to solve mathematical
problems.

Context limit effects are prominent in math-
ematical error cases, where many traces are
truncated at 32K tokens during processing.
Truncation is rare in science QA, further un-
derscoring the differential reasoning dynamics
between domains.

C Segmentation Strategy of Reasoning

Units

C.1 Segmentation Trigger Identification

We adopt a line-based segmentation strategy to
decompose reasoning traces into semantically co-
herent units. The key observation is that LRMs
frequently use discourse markers or logical opera-
tors at the beginning of a reasoning line to signal

the red ones represent that of the wrong responses.

a transition to a new logical sub-step. To identify
these markers in a model-specific and data-driven
manner, we collect all reasoning responses from
the target model, extract the first token of each line,
and compute its empirical frequency across the cor-
pus. The top-10 most frequent tokens are selected
as the segmentation trigger set 7s,. During seg-
mentation, any line whose first token belongs to
Tseg is treated as the start of a new reasoning unit.
This approach is lightweight, does not require syn-
tactic parsing, and naturally adapts to the linguistic
style of each model.

To illustrate the model-specific nature of these
triggers, Table 6 shows the top-10 most frequent
line-initial tokens and their probabilities for each
target model. For a more comprehensive view of
each model’s lexical segmentation style, we also
visualize broader trigger distributions through word
clouds (see Figure 6).

C.2  Observations and Implications

Several consistent patterns emerge from the trigger
distributions:

High-frequency logical connectives dominate
Tokens such as Wait, So, But, and Therefore ap-
pear prominently across all models, confirming
that LRMs rely on explicit discourse markers to
structure step-by-step reasoning.
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DS-Qwen-1.5B ‘ DS-Qwen-7B ‘ DS-Llama-8B ‘ Nemotron-1.5B ‘ Nemotron-7B
Word Prob(%) | Word Prob(%) | Word Prob(%) | Word Prob(%) | Word Prob(%)
Wait 25.00 | Wait 21.14 | Wait 22.57 | Alternatively 18.38 | Alternatively 14.50
So 1331 | So 16.26 | So 14.32 | Wait 12.53 | Wait 12.43
But 11.10 | But 10.65 | But 9.05 | But 5.56 | Therefore 4.58
Alternatively 4.41 | Alternatively 4.94 | Alternatively 4.20 | Therefore 4.05 | But 4.31
Therefore 2.40 | Hmm 2.66 | Let 2.63 | So 3.68 | So 3.91
Let 2.17 | Let 2.44 | Therefore 2.06 | Hmm 3.07 | Let 2.80
Thus 2.14 | Now 1.85 | Now 2.05 | Let 2.30 | First 2.02
Hmm 2.11 | Therefore 1.34 | Hmm 1.82 | First 1.65 | Hmm 2.00
Now 1.62 | Similarly 1.24 | Thus 1.61 | Thus 1.50 | Thus 1.82
Similarly 1.37 | Thus 1.08 | Similarly 1.58 | Given 1.25 | For 1.46

Table 6: Top line-initial tokens and their empirical probabilities across model families.
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Figure 6: Word clouds of line-initial tokens across model families.

Model-specific stylistic preferences While the
set of frequent triggers is largely shared, their rela-
tive rankings vary. For example, Wait is the most
common trigger in DeepSeek-R1 distilled models,
whereas Alternatively ranks highest in Nemotron
models. This variation reflects differences in pre-
training data and instruction-tuning styles, justify-
ing our model-specific trigger selection approach.

Presence of “hedging” tokens Tokens like Hmm,
Let, and Thus frequently appear, suggesting that
LRMs use meta-cognitive markers to regulate rea-
soning flow, e.g., pausing (Hmm) or introducing a
sub-goal (Let). These tokens often correspond to
coherence-supporting units that our pruning strat-
egy buffers rather than removes.

Stability across model scales Within the same
model family, trigger distributions are highly sim-
ilar, indicating that reasoning style is preserved
across parameter scales.

These findings support our design choice of us-
ing data-driven, model-adaptive triggers for unit

segmentation. The consistency of logical mark-
ers across models validates the generality of our
segmentation approach, while the observed varia-
tions underscore the importance of avoiding a fixed,
one-size-fits-all trigger set.

D Pruning Algorithm

For completeness, we provide the full algorithm
for the impact-based pruning strategy with buffered
retention in Algorithm 1, which implements the
conservative unit-level pruning rules described in
Section 3.2.2.

E Analysis of Impact Score Distribution

Figure 7 presents the probability density distribu-
tions of the answer impact (A 4) and coherence im-
pact (A¢) scores computed from the training data
of the five models optimized in our study. Several
key observations emerge from these distributions,
which help explain and justify two important de-
sign choices in SGP-CoT: (1) the disparity between
the answer and coherence thresholds (74 and 7¢),
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Algorithm 1 Impact-Based CoT Pruning with Buffered Retention

Require: Reasoning units &/ = (Uy, ...
scores Ac(1 : m); thresholds 74, ¢
Ensure: Preserved unit index set
1: £ < {1} {Preserve boundary unit}

, Un); answer impact scores A 4(1

: m); coherence impact

2: B« () {Temporary buffer for coherence-supporting units}

3742
4: while : < m do

5. if Al > 7, then

6 K < K U B {Commit buffered units}
7: K+~ KU {l}

8 B+

9 else

10: if AL, > 7¢ then

11 B < B U {:i} {Buffer for possible retention}
12: else

13: B <+ () {Unsafe buffer discarded}
14: end if

15:  end if

16: 14+ 1+1

17: end while

18: return C

and (2) the generalization of these thresholds across
diverse model families.

Distribution Characteristics. Both distributions
are unimodal, but they differ significantly in
scale and shape. The answer impact A 4 (Fig-
ure 7a) is concentrated within a narrow range of
[—0.02, 0.02], with its peak slightly above zero and
a roughly symmetric, near-normal shape on both
sides. In contrast, the coherence impact A¢ (Fig-
ure 7b) spans a much wider interval of [—0.5, 1.5],
with its peak also near zero but exhibiting a clear
asymmetry: the left side falls off steeply, while the
right tail decays more gradually, indicating that a
large proportion of units have a positive coherence
impact.

Why the Thresholds Differ by an Order of Mag-
nitude. The scale difference between the two dis-
tributions (roughly a factor of 50) directly moti-
vates the large gap between the thresholds 74 and
Tc used in our pruning strategy (74 ~ 0.01 and
Tc ~ 0.5). This discrepancy is not an arbitrary
hyperparameter choice, but a natural consequence
of how reasoning likelihoods propagate in autore-
gressive models. A reasoning unit typically exerts
the strongest influence on the immediately follow-
ing step (modeled by A¢), as it provides the most
direct contextual and logical support. Its influence

diminishes with distance, and thus its effect on the
final answer (which is often many steps away) is in-
herently weaker (captured by A 4). Therefore, Ax
scores are naturally larger in magnitude, necessitat-
ing a correspondingly higher threshold to identify
units that meaningfully support local coherence.

Cross-Model Consistency Enables Threshold
Generalization. More importantly, the five
curves in each figure are highly similar, showing al-
most perfect overlap across all model architectures
and scales tested. This high degree of distributional
consistency indicates that the internal likelihood
dynamics governing A 4 and A are largely model-
agnostic. As a result, the sensitivity analysis per-
formed on a single model yields thresholds that are
directly applicable to other models without further
tuning.

In summary, the impact score distributions pro-
vide both an empirical justification for our thresh-
old selection and evidence for the robustness of
our self-guided pruning mechanism across diverse
models. They confirm that (1) the scale difference
between A4 and Ac is intrinsic to the reasoning
process, and (2) the underlying likelihood signals
are consistent enough to allow hyperparameters
tuned on one model to generalize effectively to
others.
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Figure 7: Distribution of answer impact and coherence impact scores from 5 optimized models.

F Training Details

For model training, we used Direct Preference
Optimization (DPO) with a proportion of SFT
loss (x 1.0) mixed into the loss to improve train-
ing stability. The KL regularization coefficient
was set to 0.1, and the policy was optimized us-
ing the AdamW optimizer with a learning rate of
1.0x107% ~ 1.0x 10~ (1.0 x 10~* for Nemotron
models and 1.0 x 10~° for others) and a linear
warmup over the first 5% of training steps. Train-
ing was conducted for a single epoch with a global
batch size of 16 with SWIFT framework (Zhao
et al., 2024b). To reduce memory overhead and
accelerate training, we employed LoRA (Hu et al.,
2022) with a rank of 256, applied to all linear lay-
ers in the attention and feed-forward modules. The
maximum sequence length was set to 32K tokens
to accommodate lengthy reasoning traces.

G Distribution Shift of SGP-CoT

To better understand how SGP-CoT influences rea-
soning behavior beyond aggregate accuracy and
length metrics, we analyze the distribution of re-
sponse lengths on the test sets of AIME-2024,
GPQA-Diamond, and MATH-500. Figure 8 com-
pares the token-length distributions of the origi-
nal (vanilla) DeepSeek-R1-Distill-Qwen-7B model
and its SGP-CoT-optimized counterpart, separat-
ing correct and incorrect responses. We observe
several consistent patterns:

Pre-optimization verbosity in errors. In the
vanilla model, incorrect responses are systemat-
ically longer than correct ones across all bench-
marks, often exceeding 16K tokens and occasion-
ally reaching the context limit (32K). This suggests

that when the model struggles, it tends to over-
reason, possibly entering repetitive or unfocused
reasoning loops.

Post-optimization distribution shift toward con-
ciseness. After applying SGP-CoT, the overall
length distribution shifts leftward (toward shorter
responses). Notably:

* On AIME 2024, the maximum length of cor-
rect responses drops from 25K to 13K tokens,
and the proportion of incorrect responses
longer than 16K decreases substantially.

* On GPQA Diamond and MATH-500, nearly
all responses are compressed below 16K to-
kens, indicating that SGP-CoT effectively sup-
presses excessively verbose reasoning across
both success and failure modes.

Tighter distribution with preserved discrim-
inability. While SGP-CoT shortens responses
overall, the separation between correct and incor-
rect response lengths remains discernible, implying
that the model retains its ability to distinguish con-
fident reasoning from uncertain exploration. This
aligns with our framework’s design: pruning re-
moves redundancy but does not collapse the inter-
nal confidence landscape.

These distributional changes reinforce that SGP-
CoT not only reduces average length but also regu-
larizes the reasoning process, curbing overlong and
unproductive reasoning trails while maintaining
the capacity for sustained reasoning when needed.
This shift contributes to lower inference cost and
more predictable generation behavior, which is a
desirable property for deployment.
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| AIME2025 | HMMT Feb. 2025
Model Method

‘ Pass@11 Tokens] ‘ Pass@11 Tokens)

Baseline | 19.7 14025 | 10.3 15098

LC-R1 17.7 7241 10.3 8022

DS-Qwen.1.58  L1-Exact | 190 2628 7.0 2384

Ll-Max | 21.3 2647 8.7 2485

SGP-CoT | 19.3 7456 103 8540

Baseline | 39.7 11397 | 17.3 12540

LC-R1 36.7 6887 16.0 7944

L1-Exact | 30.3 3272 11.7 3447

DS-Qwen-7B ) \ax | 280 3219 | 133 3374

SGP-CoT | 39.0 7256 177 7907

Table 7: Results on two additional hard mathematical
reasoning benchmarks. SGP-CoT preserves the same
accuracy-compression pattern observed in the main eval-
uation.

H Additional Efficiency and Robustness
Results

H.1 Additional Hard Benchmarks

To further test robustness beyond the main eval-
uation suite, we report results on two harder
competition-style benchmarks, AIME 2025 and
HMMT Feb. 2025. As in the main text, SGP-
CoT consistently preserves the strongest accuracy-
efficiency balance: it substantially shortens reason-
ing while maintaining performance much better
than more aggressive length-focused baselines.

H.2 Latency Under Matched Hardware

Table 8 provides the full per-benchmark latency
measurements corresponding to the averaged re-
sults in the main text. The overall trend closely fol-
lows token reduction: SGP-CoT yields clear wall-
clock gains on both model sizes, while avoiding the
larger accuracy degradation that often accompanies
the most aggressive compression settings.

I Sensitivity Analysis of Prompt Design

A potential concern with self-guided pruning
method is that it might overfit to the specific prompt
style used during training, limiting its generaliza-
tion to different reasoning instructions. To verify
that SGP-CoT is robust to prompt variations, we
conduct a sensitivity analysis using three distinct
prompt groups, each representing a different style
of eliciting Chain-of-Thought reasoning.

Prompt Groups. We design three groups of
prompts, summarized in Table 9. Group 1 uses de-
tailed, instruction-heavy prompts from the LightE-
val toolkit, which explicitly request step-by-step
reasoning and enforce a strict answer format.
Group 2 employs the concise, model-native prompt
style used in the training of DeepSeek-R1-Distill
models. Group 3 adopts the shorter instruction for-
mat preferred by Nemotron models, which focuses
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. AIME 2024 GPQA Diamond MATH-500 GSMSK
Model Variant Latency (s)| Latency (s)] Latency (s)| Latency (s)]
Baseline | 655 £+ 18 978 £ 1 540 + 4 385+ 8
LC-R1 354 +£8 691 £+ 2 259 £ 2 258 £11
DS-Qwen-1.5B L1-Exact | 106 = 34 183 £+ 2 265 + 13 235+ 6
L1-Max 98 £+ 33 221 +1 161 +£1 327 £ 62
SGP-CoT | 327+ 3 516 + 2 285 +1 185 +43
Baseline 877 £+ 49 1529 £+ 12 588 + 32 340 + 46
LC-R1 512 + 69 949 + 1 225+ 7 9 +1
DS-Qwen-7B L1-Exact | 163 =13 396 £ 1 146 £ 1 381 +1
L1-Max 159 £+ 3 395+ 0 133+0 229+ 5
SGP-CoT | 469 + 47 953 £ 1 343 £ 11 114 +£1

Table 8: End-to-end latency under identical hardware conditions (single H300 GPU). Each number reports the mean
and standard deviation over three runs.

on answer formatting with minimal reasoning di-
rectives.

Experimental Setup. For each prompt group,
we retrain a DeepSeek-R1-Distill-Qwen-7B model
using SGP-CoT with data collected under the cor-
responding prompt. At inference time, we evalu-
ate each optimized model on all four benchmarks
using the same prompt it was trained with. This
design tests whether SGP-CoT’s performance is
stable across prompt styles, or whether it degrades
when the prompt format changes.

Results. Table 10 presents the performance of
SGP-CoT across the three prompt groups. Across
all groups, SGP-CoT consistently reduces rea-
soning length by 30—40% on challenging tasks
(AIME 2024, GPQA Diamond, MATH-500) and
by 20-27% on GSMS8K, while accuracy is either
preserved or slightly improved. Notably, the magni-
tude of length reduction and accuracy gain remains
stable regardless of prompt verbosity or structural
differences.

These results demonstrate that SGP-CoT’s self-
guided pruning mechanism is not sensitive to
prompt design. The framework relies on the
model’s internal likelihood dynamics to assess rea-
soning unit importance, a signal that is intrinsic to
the model’s reasoning process rather than a byprod-
uct of prompt phrasing. Consequently, SGP-CoT
generalizes robustly across different instruction
styles.
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Group No. Source Task Prompt

Math  Solve the following math problem efficiently and
clearly. The last line of your response should be of
the following format: ‘Therefore, the final answer is:
$\boxed{ ANSWER }$. T hope it is correct’” (without
quotes) where ANSWER is just the final number or
expression that solves the problem. Think step by
step before answering.

1 LightEval

QA Answer the following multiple choice question. The
last line of your response should be of the following
format: ‘Answer: SLETTER’ (without quotes) where
LETTER is one of ABCD. Think step by step before
answering.

2 DS-Distill Models - Please reason step by step, and put your final answer
within \boxed{ }.

Math  Solve the following math problem. Make sure to put

3 Nemotron Models the answer (and only answer) inside \boxed{ }.

QA Answer the following multiple choice question.
Make sure to put the answer (and only answer) inside
\boxed{}.

Table 9: Summary of prompt groups used in the sensitivity analysis. Each group represents a distinct style for
eliciting Chain-of-Thought reasoning.

\ AIME 2024 | GPQA Diamond | MATH-500 \ GSMSK
Group No. Method
‘ Pass@17 Tokens| ‘ Pass@11 Tokens| ‘ Pass@17 Tokens| ‘ Pass@17 Tokens|
| Baseline | 52.3 10400 48.5 8213 92.0 2793 84.9 532
SGP-CoT | 52794t 6965330%, | 508231 56923079 | 934141 1687396%, | 85705+ 4142009,
> Baseline | 53.0 13092 50.0 8195 92.8 4193 87.0 541
SGP-CoT | 53.00.9 89393179, | 50.50.50 55283359, | 92.80.0 289830.9%, | 87-lo.p 4341989,
3 Baseline | 51.0 10495 48.3 8244 91.4 3810 85.0 674
SGP-CoT | 51.70.7+  T179316%, | 48.300  5127378%, | 91.6021  2339356%, | 857070  49326.0%,

Table 10: Performance of SGP-CoT across three prompt groups on four reasoning benchmarks. Results show
consistent length reduction and stable accuracy regardless of prompt style.
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