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Abstract

While excelling at solving complex problems,
Large Reasoning Models (LRMs) are still con-
strained by the overthinking issue. Most cur-
rent studies rely on reward shaping in Rein-
forcement Learning (RL) to shorten the Chain-
of-Thought (CoT) of LRMs, remaining sample-
inefficient and non-robust due to the absence
of prioritized exploitation and guided explo-
ration. To address these issues, we propose
a novel policy optimization framework with
Self-Imitation and self-Guidance MechAnisms
(SIGMA), which reshapes the exploration and
exploitation through two core components: (i)
self-imitation exploitation, which enables the
prioritized exploitation of high-value prompts
and rollouts by introducing a self-imitation loss
and a dynamic sampling strategy based on com-
pression rate; (ii) self-guidance exploration,
which provides a preference-aware exploration
guidance through diverse and pluggable self-
rewriting strategies. Experiments across vari-
ous datasets indicate that our method achieves
superior reasoning efficiency without compro-
mising, and even facilitating, the overall accu-
racy. Furthermore, ablation studies show that
the proposed mechanisms can provide flexible
control interfaces for the tradeoff between the
reasoning accuracy and efficiency of LRMs.

1 Introduction

Large Reasoning Models (LRMs) achieve test-time
scaling through Reinforcement Learning with Veri-
fiable Rewards (RLVR) (Shao et al., 2024), which
involves unfolding a chain-of-thought (CoT) rea-
soning process before delivering the final response.
This method is considered to enables LRM to ex-
hibit human-like System-2 slow thinking (Evans,
2003; Li et al., 2025), generating detailed inter-
mediate steps, conducting self-reflection, and even
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exploring alternative solutions during reasoning.
Thus, their ability to solve complex problems such
as mathematics (Shao et al., 2024) and common-
sense reasoning (Yu et al., 2025a) is significantly
enhanced. Models such as Deepseek-R1 (Guo et al.,
2025), OpenAI o1 (Jaech et al., 2024), Gemini
2.5 (Comanici et al., 2025), and QwQ (Team, 2025)
have demonstrated this capability in practice.

Despite these advances, recent studies have re-
vealed that LRMs typically produce excessively
verbose reasoning processes, which is known as
the issue of overthinking (Sui et al., 2025). This
leads to diminishing returns of test-time scaling
and wastes computational resources (Hou et al.,
2025). Moreover, additional reasoning steps, such
as unnecessary reflection, might even introduce
cumulative errors, resulting in incorrect model re-
sponse (Cuadron et al., 2025). To mitigate this
issue, a promising and flexible solution is the RL-
based approaches (Team et al., 2025), which jointly
optimize accuracy and output conciseness to min-
imize CoT redundancy with minimal degradation
of reasoning performance.

Current researches primarily focus on explicit re-
ward shaping with length penalties in RLVR (Arora
and Zanette, 2025; Yi et al., 2025; Liu et al.,
2025b; Luo et al., 2025a; Aggarwal and Welleck,
2025; Han et al., 2025a). However, these meth-
ods merely apply negative feedback to randomly
sampled lengthy responses without explicit guid-
ance to refining a concise reasoning path, resulting
in the classical RL issue of inefficient exploitation-
exploration (Sutton et al., 1998). To mitigate this is-
sue, inspired by the concept of self-Imitation learn-
ing (Oh et al., 2018) in classical RL algorithms,
we propose a novel framework with Self-imitation
and self-Guidance MechAnism (SIGMA) that di-
rectly reshapes the exploration and exploitation of
token-efficient RL.

In terms of exploitation, we strengthen policy op-
timization by improving utilization mechanism of
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Figure 1: Comparison of our method with baseline methods in terms of average accuracy and average token length
across six datasets. Our method achieves higher accuracy with reduced token usage (1.5B and 7B models reduce
token consumption by 43.4% and 40.3%, respectively, compared to the base models).

training samples and model rollouts. We propose
an efficiency-weighted self-imitation learning strat-
egy that differs from standard correctness-based
self-imitation. This strategy drives the policy op-
timization to focus on samples with concise rea-
soning pattern by introducing a Supervised Fine-
Tuning (SFT) loss according to the compression
rate of model rollouts (see Equation 4). In addition,
instead of randomly sampling data from training
set like RLVR, we also assign a priority to each
sample, which decides the sampling probability of
the data. These priorities will be updated based on
the compression rate of the query at each training it-
eration, which makes the data sampling a dynamic
process. As for exploration, we consider leverag-
ing the model’s intrinsic knowledge for preference-
aware exploration, reducing low-contribution data
produced by undirected model exploration. Specif-
ically, we design an explicit guidance mechanism
that prompts the model to regenerate or truncate
overly long responses via various self-rewriting
strategies, which also mitigates the issue of off-
policy to some degree. The proposed self-guidance
exploration module can also incorporate a variety
of other exploration strategies, offering flexibility
for future extensions.

Through explicitly reshaping of exploration and
exploitation, evaluations across multiple bench-
marks demonstrate that our method significantly
enhances the reasoning efficiency. As shown in Fig-
ure 1, our method achieves better trade-off between
model accuracy and token efficiency.

Our contributions are summarized as follows:

• We propose a novel framework, SIGMA,
which introduces various reshaping strategies
for exploration and exploitation in RL, provid-

ing a combination of regulatory mechanisms
for achieving controllable and flexible policy
optimization that can satisfy diverse demands.

• We explore several strategies to improve the
token efficiency of LRMs without sacrificing
model accuracy: (i) enhancing experience ex-
ploitation through dynamic sampling and self-
imitation learning; (ii) improving data gen-
eration quality via self-guidance, directional
exploration. In addition, the reshaped explo-
ration mechanism can be easily integrated
with various exploration strategies, offering
flexibility for future extensions.

• We empirically analyze each component of
SIGMA to reveal its impact on the reasoning
patterns of LRMs. Experimental results across
benchmarks of varying difficulty demonstrate
a superior performance on the balance be-
tween accuracy and token efficiency com-
pared to existing reward-driven methods.

2 Related Work

2.1 RL with Verifiable Rewards
Reinforcement learning with verifiable rewards
(RLVR) significantly enhances the complex reason-
ing capabilities of large language models (LLMs)
by leveraging verifiable signals to provide pre-
cise and stable reward shaping. Among these,
GRPO (Shao et al., 2024) stands as one of the
most influential algorithms, introducing group-
normalized policy optimization as an effective al-
ternative to PPO (Schulman et al., 2017). Building
upon this foundation, subsequent research has in-
troduced numerous algorithmic improvements (Liu
et al., 2025c; Yu et al., 2025b; Zheng et al., 2025;
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Chu et al., 2025). For instance, Dr.GRPO (Liu
et al., 2025c) mitigates bias by removing variance
normalization. DAPO (Yu et al., 2025b) incor-
porates token-level losses and relaxes policy up-
date constraints by increasing clipping thresholds.
Our method builds upon GRPO to jointly optimize
model accuracy and token efficiency.

2.2 Efficient Reasoning of LRMs

To mitigate overthinking, numerous studies have
proposed methods to improve reasoning efficiency
from various perspectives. Prompt-based methods
use different prompts, such as instructions with
"Be concise" (Renze and Guven, 2024) or token
budgets (Han et al., 2025b), to generate concise
CoT with less unnecessary reasoning steps. Output-
based methods intervene during the model’s de-
coding phase, employing techniques like early-
exit (Yang et al., 2025) to accelerate the inference
process. SFT-based methods, such as C3oT (Kang
et al., 2025), CoT-Value (Ma et al., 2025b), and
Token-Skip (Xia et al., 2025), focus on creating
training datasets with varying reasoning lengths,
emphasizing shorter reasoning, so that models fine-
tuned on these datasets produce more concise rea-
soning. RL-based methods, building upon RLVR,
jointly optimize the reasoning efficiency and accu-
racy of LRMs, and our work falls into this cate-
gory. Most studies in this category have concen-
trated on length-based reward shaping (Arora and
Zanette, 2025; Yi et al., 2025; Liu et al., 2025b; Luo
et al., 2025a; Shen et al., 2025). For example, The
LASER series (Liu et al., 2025b) proposes a uni-
fied length-based reward shaping framework and
further introduces adaptive and difficulty-aware
length-based step-wise reward shaping to promote
a better trade-off between accuracy and brevity.
Our method diverges completely from these meth-
ods by reshaping the token-efficient RL problem as
a classic exploration-exploitation trade-off in RL,
with explicit designs for both aspects to enhance
data utilization and model update efficiency.

2.3 RL with Supervised Fine-Tuning

To overcome knowledge limitations of pure RLVR,
recent studies have leveraged the high efficiency of
supervised fine-tuning (SFT) in extracting knowl-
edge from offline resources (Lv et al., 2025) and ex-
plored hybrid methods that combine RL with SFT
on external expert data (Ma et al., 2025a; Yan et al.,
2025; Liu et al., 2025a; Dong et al., 2025). For
instance, ReLIFT (Ma et al., 2025a) alternates be-

tween RL and SFT on challenging problems, while
LUFFY (Yan et al., 2025) introduces off-policy
guidance via mixed-policy optimization with regu-
larized importance sampling to selectively imitate
high-quality external responses. Our method shares
a similar philosophy, where the self-imitation ex-
ploitation module also takes advantage of the ef-
ficiency of SFT learning. However, unlike these
methods, we do not rely on external knowledge but
instead leverage the model’s own generated data to
enhance data utilization and learning efficiency.

3 Methodology

In this section, we present our method in details.
First, we introduce the preliminary (Section 3.1).
Then, we present the framework overview of our
method (Section 3.2). Finally, we detail the two
core modules in our method, i.e., the exploration
and exploitation module (Section 3.3 and 3.4).

3.1 Preliminary
Given a prompt q sampled from the dataset D,
a large inference model πθ parameterized by θ,
termed the policy model, autoregressively gener-
ates a response o of length l according to the prob-
ability πθ(o|q) =

∏l
i=1 πθ(oi|q, o<i). Each re-

sponse o receives a verifiable reward signal R(q, o),
valued as 1 if o contains the correct answer and 0
otherwise. The standard optimization objective
aims to maximize the expected reward:

max
θ

Eq∼Uniform(D),o∼πθ(·|q) [R(q, o)] . (1)

In practice, we often use the training objective from
GRPO (Shao et al., 2024) to replace the optimiza-
tion objective in Equation 1. Specifically, let the ini-
tial policy model be πref , the policiy model before
and after the update be πθold and πθ respectively.
Given an input q ∼ Uniform(D), sample a group
of outputs {o1, o2, · · · , on} ∼ πθold , then optimize
the πθ by minimizing the following objective:

LGRPO(θ) = − 1

n

n∑

i=1

1

|oi|

|oi|∑

t=1(
CLIP

(
ri,t(θ), Âi

)
− βDKL[πθ∥πref ]

)
,

(2)

where |oi| denotes the length of the response oi,
ri,t(θ) = πθ(oi,t|q, oi,<t)/πθold(oi,t|q, oi,<t) is the
importance sampling term (Sutton et al., 1999),
CLIP(r, A, ϵ) = min (rA, clip(r, 1− ϵ, 1 + ϵ)A)
is the clipped surrogate objective (Schulman et al.,
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Figure 2: Framework of our proposed method, SIGMA. During RL training, the self-imitation exploitation module,
which consists of probabilistic dynamic sampling and self-imitation learning, is employed for both data sampling
and model weight updating, while the self-guidance exploration module is employed for policy model rollout.

2017), Âi =
(
R(q, oi)−mean({R(q, oj}Gj=1})

)

/ std({R(q, oj}Gj=1}) is the advantage.

3.2 Framework Overview

For the exploitation module, we propose a self-
imitation exploitation module incorporating proba-
bilistic dynamic sampling and self-imitation learn-
ing. For the exploration module, we design a
self-guidance exploration module. In this section,
we introduce the overall framework of our method
following the data flow, as shown in Figure 2.

First, we design a dynamic priority table that
stores the each prompt’s priority. A higher priority
indicates that the prompt has higher compressibil-
ity, i.e., the model is more likely to generate a
shorter CoT. Unlike previous methods that sample
prompts uniformly from the dataset, we perform
probabilistic sampling according to the proportion
of priorities, meaning that prompts with higher pri-
orities are sampled with higher probabilities. The
prompt q sampled with probability is then fed into
the model to generate a group of responses {o}ni=1

(assuming they are ordered by increasing length).
For excessively long responses {o}ni=k+1

1, we
feed them into the self-guidance exploration mod-
ule. This module leverages the model’s own knowl-
edge to regenerate or prune these responses, aim-
ing to explore responses within the length limit or
shorter within the model’s capabilities, thereby al-
leviating the low data-utilization efficiency caused
by undirected exploration. These modified re-
sponses {ō}ni=k+1, together with unselected re-

1In practice, we select responses that reach the maximum
length limit without providing an answer.

sponses {o}ki=1, form a new group.
In the self-imitation exploitation module, we

compute the compression ratio for each response
in the new group. For responses with positive com-
pression ratios, we compute the self-imitation ob-
jective LSIL and update the priority of the cor-
responding prompt in the dynamic priority table
based on these compression ratios for the next train-
ing step. We optimize the policy model by mini-
mizing the GRPO objective and the self-imitation
objective, as shown in Equation 3, where the hyper-
parameter α controls the degree of exploitation.

Ltotal = LGRPO + αLSIL. (3)

In conclusion, we briefly summarize the interac-
tion mechanism of the three components we pro-
posed: (1) Priority sampling is used to sample prob-
lems with higher compression potential, providing
high-quality training problems for subsequent self-
guidance exploration and self-imitation learning;
(2) Self-guidance exploration generates more con-
cise responses based on the high-quality problems
provided by dynamic sampling, thereby offering
high-quality training responses for subsequent self-
imitation learning; (3) Self-imitation learning uti-
lizes the high-quality training data generated in
the previous two steps to update the priority of
the training problems and model parameters. This
allows for better priority sampling in the next itera-
tion and facilitates better self-guidance exploration
using the improved model. These 3 components
form a virtuous cycle, iteratively refining the pol-
icy model to generate more concise reasoning pro-
cesses. Next, we will provide a detailed description
of the design details of these three components.
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3.3 Self-Imitation Exploitation Module
The self-imitation utilization module incorporates
probabilistic dynamic sampling and self-imitation
learning. Given a prompt q, the policy model gen-
erates corresponding responses {o}ni=1. We define
the compression ratio for each response as follows:

C (oi) =





(
mean∗−|oi|

mean∗

)
+
, if oi is correct

0, if oi is incorrect
,

(4)
where (·)+ denotes max(·, 0), and mean∗ =
mean {|oi| | R(q, oi) > 0} denotes the average
length of all correct responses. Note that when
all responses {o}ni=1 are incorrect, there is no need
to compute mean∗, as all C(oi) are 0 in this case.
We consider that the higher the value of C(oi), the
greater the utility of the response oi to the model.
Therefore, for such data, we perform self-imitation
learning inspired by classical RL (Oh et al., 2018)
to enable efficient utilization.

Self-Imitation Learning. We use the compres-
sion rate C(oi) as the self-imitation weight for each
response oi, meaning that the larger C(oi) is, the
greater the model’s learning effort for that response.
Specifically, the current policy model πθ is opti-
mized using the following self-imitation loss:

Lorigin
SIL = −Eoi∼πθ(·|q) [C(oi) log (πθ(oi|q))] .

(5)
However, note that oi in Equation 5 requires sam-
pling from the current policy πθ, whereas in prac-
tice we sample from the old policy model πθold .
Therefore, similar to PPO (Schulman et al., 2017),
we need to perform importance sampling and prob-
ability ratio clipping on Equation 5. Given the
prompt q and a group of rollouts {oi}ni=1, the ad-
justed self-imitation loss is given as follows:

LSIL = − 1∑n
i=1 |oi|

n∑

i=1

|oi|∑

t=1

CLIP (ri,t(θ), C(oi)) .

(6)
For a more concise and correct response oi, where
C(oi) > 0, the SIL loss is non-zero, and both the
GRPO loss and the SIL loss are used to optimize
the model (note that the gradient directions of the
SIL loss and the GRPO loss are consistent in this
case). For an incorrect or excessively long response
oi, where C(oi) = 0, the SIL loss is zero, and
only the GRPO Loss is used to optimize the model.
Thus, self-imitative learning is employed to imi-
tate correct and more concise responses, without
explicitly penalizing longer responses.

Probabilistic Dynamic Sampling. As shown
in 6, self-imitation learning contributes gradient
to the model parameters only when C(oi) > 0.
Therefore, we aim to increase the proportion of
data where C(oi) > 0 to enhance the model’s up-
date efficiency. We maintain a dynamic priority
table where each prompt qi ∈ D has a correspond-
ing priority Priority(i). Initially, all priorities are
set to a small constant ϵpri. During self-imitation
learning, the priority of a prompt is updated as:

Priority(i) = max {C(oi,j)}nj=1 , (7)

where oi,j denotes the j-th response to prompt qi.
During sampling, prompts are selected from the
dataset D according to the probability distribution
shown in Equation 8:

P (i) =
Priority(i)

∑|D|
i=1 Priority(i)

. (8)

If all responses oi,j for the problem qi are incorrect,
then each C (oi,j) = 0. According to Equation 7,
the priority for qi is Priority(i) = 0. In the actual
implementation, when updating the priority of qi,
we assign a small constant ϵpri = 0.05 to the prob-
lem qi as its priority. This dynamic sampling mech-
anism ensures that data with higher compressibility
value is utilized with greater probability, which
enhances model update efficiency. For a prompt
sampled multiple times, as the model updates, the
compression rate of the model-generated responses
gradually decreases, thereby lowering its priority.
Consequently, other data with greater compressibil-
ity value are subsequently chosen for training.

3.4 Self-Guidance Exploration Module
Length-based reward methods typically employ
undirected model exploration, which may gener-
ate excessive long responses offering limited ben-
efits for optimizing token length. We propose to
leverage the model’s internal knowledge to guide a
more directed exploration, thereby improving the
quality of generated data and enhancing the update
efficiency of self-imitation learning. Specifically,
responses that reach the maximum length without
providing an answer are considered to offer limited
benefits for token efficiency optimization. Inspired
by prompt-based and output-based efficient reason-
ing strategies, we design two directed exploration
strategies using the model’s own capabilities, along
with a strategy to retain the original response (as we
observed in experiments that such negative samples
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Methods
GSM8K MATH500 AIME24 AMC Olympiad GPQA-Diamond AVG

ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length

DeepSeek-R1-Distill-Qwen-1.5B

Base 76.0 468 79.6 3617 28.7 11046 63.3 7644 47.0 7679 32.3 5619 54.5 6012
SFT 81.4 559 78.8 2591 27.7 9139 57.2 5394 42.5 5532 34.9 5288 53.7(-0.8) 4751(-21.0)
DPO 80.2 530 78.6 2652 24.0 9966 59.0 5482 44.0 5929 30.3 5283 52.7(-1.8) 4974(-17.3)
DAPO 80.0 826 85.8 3106 26.7 8583 66.3 5666 46.6 5822 37.9 4591 57.2(+2.7) 4766(-20.7)
AdaptThink 82.0 772 79.6 1905 23.7 7434 58.7 3983 49.8 4706 32.3 4601 54.4(-0.1) 3900(-35.1)
Laser-D 84.9 1073 85.2 2424 30.0 7271 65.8 4355 53.2 4813 34.3 5352 58.9(+4.4) 4215(-29.9)
Laser-DE 84.1 1179 84.2 2798 29.7 7960 65.2 5018 50.5 5265 33.8 5575 57.9(+3.4) 4633(-22.9)
LC-R1 75.0 443 77.6 1851 19.0 7155 56.4 3897 44.0 4193 33.8 3678 51.0(-3.5) 3536(-41.2)
JET 83.8 605 83.0 2072 32.0 6641 66.1 3872 51.6 4121 43.4 4182 60.0(+5.5) 3582(-40.4)
SIGMA 81.0 403 84.6 1661 36.7 6924 77.5 3060 54.8 3979 39.8 4402 62.4(+7.9) 3405(-43.4)

DeepSeek-R1-Distill-Qwen-7B

Base 87.0 469 92.0 2918 51.3 9812 78.9 6013 63.1 6782 47.5 6359 70.0 5392
SFT 87.3 438 91.4 2658 48.7 8914 78.6 5836 62.7 6441 45.5 5418 69.0(-1.0) 4951(-8.2)
DPO 86.1 438 90.0 2590 53.0 9552 77.2 5797 60.4 6465 49.0 5519 69.3(-0.7) 5060(-6.2)
DAPO 90.1 583 91.6 2720 53.3 8414 81.7 4903 63.4 5361 51.0 5485 71.8(+1.8) 4578(-15.1)
AdaptThink 88.9 304 87.8 1325 50.7 8131 77.2 3871 61.3 4656 44.4 4820 68.4(-1.6) 3851(-28.6)
Laser-D 91.6 965 92.0 1950 52.7 6361 82.8 3505 64.7 3755 51.0 4417 72.5(+2.5) 3492(-35.2)
Laser-DE 91.5 948 92.4 1942 53.0 5809 82.9 3357 64.6 3713 46.5 3884 71.8(+1.8) 3276(-39.2)
LC-R1 86.0 386 87.6 1313 50.0 6329 76.5 3173 59.1 3575 50.0 3429 68.2(-1.8) 3034(-43.7)
JET 86.1 324 91.2 2091 54.0 7981 81.0 4301 63.9 5083 52.5 5530 71.5(+1.5) 4218(-21.8)
SIGMA 89.6 242 90.2 1418 58.0 6275 88.0 2843 63.9 3928 47.8 4622 72.9(+2.9) 3221(-40.3)

Table 1: Accuracy (ACC) and response length (Length) across different datasets using various methods. AVG
denotes the average metric over all datasets, while blue numbers indicate changes relative to the base model.

positively impact RL performance). For a selected
response oi corresponding to a prompt q, we apply
one of three modification strategies:

Strategy 1: Prompt-based Regeneration. This
strategy discards response oi and regenerates a new
response ōi by inserting a token-budget instruction
such as "use less than m tokens" into the prompt q.

Strategy 2: Random Truncation. For response
oi, we partition it into sentences oi = {sj}Tj=1,
where sj is a sentence. Given maximum and mini-
mum truncation lengths Tmax and Tmin, a position
k ∼ Uniform(T − Tmax, T − Tmin) is sampled
uniformly. The prompt q, the truncated response
oi = {sj}kj=1 and a stop-thinking instruction con-
taining “</think>” are then concatenated and fed
into the model to generate a new response ōi.

Strategy 3: Original Response Retention. The
strategy keeps the original response unchanged.

The specific prompts used in Strategy 1 and 2
are shown in Appendix A. For simplicity, the three
strategies above are applied with equal probabil-
ity (P (1) = P (2) = P (3) = 1/3), meaning each
strategy is selected with a probability of one-third
for modifying a response. In practice, our designed
self-guidance exploration module is flexible and
extensible: it can incorporate more diverse explo-
ration strategies and adjust probabilities based on
actual needs. Exploration strategies may even be in-
voked conditionally according to user-defined rules

rather than solely by probabilistic selection.

4 Experiment

4.1 Settings

Models. Following the common practice estab-
lished in prior research on token-efficient RL meth-
ods (Zhang et al., 2025; Liu et al., 2025b), we se-
lect representative and widely-used models, namely
DeepSeek-R1-Distill-Qwen-1.5B and DeepSeek-
R1-Distill-Qwen-7B, as backbone models to vali-
date the effectiveness of our method across differ-
ent model sizes. Experiment on Qwen3-8B is also
provided, as described in Section 4.4.

Datasets and Metrics. For the training dataset,
we employed the same high-quality mathematical
dataset, DeepScaleR-Preview-Dataset(Luo et al.,
2025b), as used in prior methods (Zhang et al.,
2025; Liu et al., 2025b), which consists of approx-
imately 40k competition-level question-answer
pairs. For evaluation, we assess the models on
six datasets of varying difficulty levels: GSM8K
(Cobbe et al., 2021), MATH500 (Lightman et al.,
2023), AIME2024 (MAA Committees), AMC (AI-
MO, 2024), Olympiad (He et al., 2024), and GPQA-
Diamond (Rein et al., 2024). We conduct 16 ex-
periments across all evaluation datasets. For eval-
uation metrics, we consider both accuracy and re-
sponse length. We also report the average accu-
racy change and average length reduction rate of
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Component
GSM8K MATH500 AIME24 AMC Olympiad GPQA-Diamond AVG

ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length

DeepSeek-R1-Distill-Qwen-1.5B

+ SGE 87.5 1429 86.7 2704 34.6 8326 79.5 4617 54.9 5260 38.7 6472 63.6(+1.2) 4801(+41.0)
w/o SGE 83.8 343 82.6 1241 30.7 5190 74.5 2458 49.7 2577 38.0 2948 59.9(-2.5) 2460(-27.8)
w/o SIL 87.0 1680 86.4 2885 31.3 8553 77.5 4651 54.7 5408 39.5 6405 62.7(+0.3) 4930(+44.8)
w/o Dyn 77.4 244 80.3 1520 38.0 6564 75.5 2889 53.3 3867 39.2 5191 60.6(-1.8) 3379(-0.8)
+ Full 81.0 403 84.6 1661 36.7 6924 77.5 3060 54.8 3979 39.8 4402 62.4 3405

DeepSeek-R1-Distill-Qwen-7B

+ SGE 93.2 1278 93.3 2508 57.3 7596 90.5 4234 64.0 5352 48.7 6112 74.5(+2.5) 4513(+64.9)
w/o SGE 87.4 96 82.1 557 46.7 3588 78.0 1133 57.1 1713 35.7 1497 64.5(-7.5) 1431(-47.7)
w/o SIL 93.2 1101 93.3 2371 59.3 7502 92.0 3397 66.8 4916 47.9 6182 75.4(+3.4) 4245(+55.1)
w/o Dyn 89.0 181 86.5 850 50.0 5472 84.5 2067 60.1 3192 46.3 3497 69.4(-2.6) 2543(-7.1)
+ Full 90.0 126 86.4 919 57.4 6134 90.0 2174 63.3 3406 44.9 3663 72.0 2737

Table 2: Ablation studies of key components in our method SIGMA.

all methods relative to the base model across all
evaluation datasets. Following DeepSeek’s model
cards, we set the evaluation context length to 16k,
temperature to 0.6, and top-p to 0.95 for all models.

Baselines. We compare SIGMA with several
methods for efficient reasoning: (1) SFT fine-tunes
backbones using the shortest correct answer among
multiple model-generated responses; (2) DPO
trains backbones using the shortest and longest
correct answers from multiple model-generated re-
sponses as preference pairs via direct preference
optimization (Rafailov et al., 2023); (3) DAPO (Yu
et al., 2025b) is a widely used variant of GRPO;
(4) AdaptThink (Zhang et al., 2025) is an RL al-
gorithm that trains models to automatically switch
between thinking and non-thinking modes; (5) LC-
R1 (Cheng et al., 2025) is a RL algorithm introduc-
ing a novel collaboration of length reward and a
compress penalty. (6) The Laser series (Liu et al.,
2025b) trains models with step reward functions
based on target length, including Laser-D, which
adaptively adjusts length rewards according to prob-
lem difficulty, and Laser-DE, a variant that relaxes
length penalties for incorrect responses to encour-
age further exploration. (7) JET (Han et al., 2025a)
trains models to actively terminate unnecessary rea-
soning and use quality-controlled length rewards
to better balance conciseness and correctness.

We implement our code based on VeRL(Sheng
et al., 2025), with detailed hyperparameters pro-
vided in Appendix A.

4.2 Main Results

We conduct a series of experiments across bench-
marks of varying difficulty to evaluate the over-
all performance of the proposed SIGMA frame-
work. We compare our framework to the base-

line and eight other different policy optimization
methods on two LRMs of distinct scales, i.e.,
Deepseek-R1-Distill-Qwen2.5-1.5B and Deepseek-
R1-Distill-Qwen2.5-7B. For abbreviation, these
two LRMs are termed as the 1.5B model and the
7B model, respectively. The comparison results are
demonstrated in Table 1.

As presented in Table 1, SIGMA exhibits out-
standing performance compared to other policy
optimization, improving the average accuracy by
7.9% and 2.9% on both the 1.5B and 7B models
and delivering the largest reduction in the average
reasoning length (43.4% and 40.3% on the two
models). The results illustrate the superiority of
SIGMA in acquiring the balance between model
accuracy and token efficiency, reflecting the effec-
tiveness of our reshaping strategies for exploration
and exploitation mechanism.

4.3 Ablation Study
This section presents detailed evaluations of each
module in the reshaped exploration-exploitation
mechanism, including self-imitation learning, self-
guidance exploration, and dynamic sampling. Then
we study the impact of exploration strategies and
analyze the hyperparameter α in Equation 3.

4.3.1 Ablations on Key Components
The exploration-exploitation mechanism is critical
to RL, as it decides the sample efficiency during the
policy optimization and the final model ability. In
this part, we test the impact of key components of
the reshaped exploration-exploitation mechanism.
The relevant results are given in Table 2.

The Table 2 shows that self-imitation exploita-
tion can significantly improve the reasoning effi-
ciency and the average reasoning length decreases
from 2737 tokens to 1431 tokens when we remove
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Figure 3: Performance of our method with different α values on DeepSeek-R1-Distill-Qwen-1.5B.
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Figure 4: Performance of our method with different α values on DeepSeek-R1-Distill-Qwen-7B.
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Figure 5: Comparison of accuracy (left) and average to-
ken length (right) before and after removing the original
response retention on DeepSeek-R1-Distill-Qwen-1.5B.

GSM8K

MATH500

AMCOlympiad

GPQA
Diamond

AVG 90.0

83.3 86.4
82.1

57.4
42.7

90.0

74.5

63.3

53.7
44.9

33.3

72.0

61.6

AIME24

GSM8K

MATH500

AMCOlympiad

GPQA
Diamond

AVG
126
123 919

762

61345897

2174

1478

3406

26873663 3663

2737

2435

AIME24

w/o Origin
Full

Figure 6: Comparison of accuracy (left) and average to-
ken length (right) before and after removing the original
response retention on DeepSeek-R1-Distill-Qwen-7B.

the self-guidance exploration module (w/o SGE).
However, without our proposed self-guidance strat-
egy, policy optimization fails to explore a high-
performance policy distribution. Consequently, the
accuracy of 7B model degrades from 72.0% to
64.5%, and the similar trend can also be observed
in the results on 1.5B model.

Self-imitation loss provides a specific optimiza-
tion direction by exploiting the response space
more efficiently, which drives the policy model
to align with the preference of the selected high-
quality response. Without this module (w/o SIL),
LLMs still tend to overthink. Although higher

accuracy is achieved, this setup induces a 55.1%
growth in reasoning costs for 7B and 44.8% for
1.5B, which is hardly tolerable.

Dynamic sampling alters the sampling priority
of queries according to their compression ratio. In
general, R1-like LLMs are more likely to over-
think when addressing complex problems, leading
to a higher compression ratio. With the removal
of the dynamic sampling module (w/o Dyn), high-
difficulty data are no longer preferentially sampled
and exploited, resulting in decreased average ac-
curacy—particularly on more challenging bench-
marks such as AIME24 and Olympiad. For the
1.5B model on AIME24, SIGMA (36.7%) shows a
slight drop in accuracy compared to SIGMA w/o
Dyn (38.0%). This may be attributed to the lim-
ited capacity of the 1.5B model, which constrains
its ability to generate shorter responses for more
difficult problems while maintaining correctness.
That is, the model’s inherent capacity to compress
token length without sacrificing accuracy is limited,
causing dynamic sampling to favor problems that
are easier to compress, such as medium-difficulty
problems like Olympiad which the 1.5B model can
compress more easily. Thus, this reduces the train-
ing demand for more difficult problems.

We also try to remove all our designs on exploita-
tion ( + SGE) , the result is similar to that of w/o
self-imitation explitation module. Both LLMs in
this configuration retain their "nature" to sacrifice
inference efficiency for higher accuracy.

From the aforementioned results, it can be
clearly observed that the reshaped exploration and
exploitation reflects a tradeoff between reasoning
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Methods
GSM8K MATH500 AIME24 AMC Olympiad GPQA-Diamond AVG

ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length

Qwen3-8B

Base 95.9 2330 95.7 5219 72.0 12088 95.0 7975 73.0 9534 59.7 9577 81.9 7787
SIGMA 95.8 855 95.2 2259 68.0 8080 93.5 4181 72.9 5762 60.3 7024 81.0 4694

Table 3: Accuracy (ACC) and response length (Length) across different datasets using our method on Qwen3-8B.
AVG denotes the average metric over all datasets.

accuracy and efficiency. The mechanisms we de-
signed essentially provide flexible and convenient
control interfaces for such a tradeoff, allowing the
framework to satisfy diverse demands of various
application scenarios. Further empirical analysis
on the interaction mechanism of the three compo-
nents can be found in Appendix C.

4.3.2 Impact of Exploration Strategies
In the proposed self-guidance exploration module,
various exploration strategies can offer a diversified
guide to policy optimization. Despite the different
self-guidance strategies, we still need to figure out
whether responses sampled from the raw output
distribution are necessary to be retained in the re-
sponse group. In this part, we investigate the effi-
cacy of exploration based on the raw distribution
by using prompt-based regeneration and random
truncation to modify half of the original responses,
respectively. The results are given in Figure 5 and
6. It shows that although the two exploration strate-
gies improve the efficiency of LLM reasoning, re-
ducing the average length by 5.7% on the 1.5B
model and by 11.0% on the 7B model, completely
dropping the original responses can lead to more se-
vere off-policy issue. Especially for the 7B model,
the average accuracy falls from 72.0% to 61.6%.

4.3.3 Parameter Analysis
To further illustrate the influence of the self-
imitation loss term and find an optimal hyperparam-
eter setting, we perform a sensitivity analysis of the
coefficient before our self-imitation (SI) loss in this
part. As shown in Figure 3 and 4, the larger the co-
efficient of SI loss, the higher the model reasoning
efficiency while the lower the accuracy. Interest-
ingly, the decreasing trend of the 7B model’s accu-
racy is not as significant as that of its average output
length when the coefficient increases from 0.5 to 1.
We attribute this phenomenon to the superior capac-
ity of the 7B model. Due to that, LLMs no longer
rely on test-time scaling to boost accuracy. Instead,
they are able to correctly answer complex ques-

tions through concise reasoning paths. Thus, they
are more likely to benefit from larger self-imitation
loss term, approaching a Pareto optimality in the
trade-off between efficiency and accuracy.

4.4 Experiments on Qwen3-8B

We also conduct experiments with our method on
Qwen3-8B, and the experimental results are shown
in Table 3. As can be seen from the table, although
the base model already achieves strong perfor-
mance, our method reduces the number of tokens
without significantly degrading the base model’s
performance(the average token count across six
datasets decreases from 7787 to 4694, represent-
ing a 39.7% reduction in token usage). The slight
decrease in accuracy on the Qwen3-8B model is be-
cause Qwen3-8B is a more capable model, achiev-
ing an accuracy of 80% or even higher on the train-
ing dataset (compared to approximately 55% for
DeepSeek-R1-Distill-Qwen-7B). As a result, train-
ing Qwen3-8B on this dataset does not lead to fur-
ther improvement in its response accuracy. Even
though this training dataset is relatively simple for
Qwen3-8B, our method still significantly reduces
token length (from 7787 to 4694) without a no-
ticeable drop in accuracy, which demonstrates the
effectiveness of our method.

5 Conclusion

We propose a novel framework to explicitly de-
sign exploration and exploitation modules, which
enables the model trained to balance accuracy
and token efficiency. Specifically, we design a
self-imitation exploitation module incorporating
dynamic sampling mechanism and self-imitation
learning, as well as a self-guidance exploration
module for directed exploration. Additionally, the
exploration module offers flexible extensibility, fa-
cilitating the future integration of diverse explo-
ration strategies. Experimental results demonstrate
that our method improves inference performance
while reducing computational costs.
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Limitations

The limitations of our work are as follows: (1) Due
to computational resources constraints, we only
conduct experiments on 1.5B and 7B models. Ap-
plying our method to larger-scale models would be
promising. (2) In our experiments, compression
rate based priority allocation tends to sample more
difficult problems, but it does not distinguish at a
finer granularity which specific difficult problems
are compressible. Future work may consider ex-
plicitly incorporating problem difficulty into the
compression rate. (3) Our designed exploitation
module exhibits performance degradation when ex-
ploitation is excessive (i.e., larger α values). In the
future, further exploring how to adaptively control
exploitation levels and balance exploitation with ex-
ploration holds practical application value. (4) Ow-
ing to limited resources and time, the self-guidance
exploration module we designed currently incorpo-
rates only basic exploration strategies and strategy
scheduling. Nevertheless, it provides a framework
for integrating various exploration strategies. In-
vestigating more effective exploration strategies
and strategy scheduling mechanisms represents a
promising future research direction.
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A Experimental Details

Training Details. Our implementation is built
upon the VeRL (Sheng et al., 2025) framework.
We optimize the policy model using the Adam
(Kingma, 2014) optimizer with a learning rate of
1 × 10−6. During training, we set the train batch
size to 128, conduct 8 rollouts per prompt, use a
temperature of 0.6, and adopt dynamic batch size
with a maximum token length of 10K per GPU.
The total training step is set to 300. The hyper-
parameter α introduced by our method is selected
from {0.1, 0.5, 1.0, 1.5}. In the main experimen-
tal results, we report results with α = 1.0 for
the DeepSeek-Distill-Qwen-1.5B and α = 0.5 for
the DeepSeek-Distill-Qwen-7B. Except for experi-
ments analyzing α parameter, all ablation experi-
ments on the All ablation studies on the 1.5B and
7B models, except for the parameter analysis on α,
use α = 1.0. For experiments on Qwen3-8B, α is
set to 1.0. Additionally, we adopt part of the design
from DAPO (Yu et al., 2025b), specifically using
token-mean mode when computing the GRPO ob-
jective, with clipping parameters set to ϵlow = 0.2
and ϵhigh = 0.28.

Prompt for Prompt-based Regeneration
Please reason step by step, use less than
6144 tokens, and put your final answer within
\\boxed{{}}.

Figure 7: The prompt used in Strategy 1 of the self-
guidance exploration module

Prompt for Random Truncation
The number of generated tokens has reached
the limit, so stop thinking, start answering
and put the final answer within \\boxed{{}}.
\n</think>\n\n

Figure 8: The prompt used in Strategy 2 of the self-
guidance exploration module

The Prompts Used by the Self-Guidance Ex-
ploration Module. The prompt employed for Strat-
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α
GSM8K MATH500 AIME24 AMC Olympiad GPQA-Diamond AVG

ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length

DeepSeek-R1-Distill-Qwen-1.5B

0.1 87.3 1387 88.2 2756 42.0 8497 85.5 4214 57.6 5438 39.5 6684 66.7 4829
0.5 84.8 800 86.9 2324 40.0 7998 79.5 4127 55.7 5192 40.2 6462 64.5 4484
1.0 81.0 403 84.6 1661 36.7 6924 77.5 3060 54.8 3979 39.8 4402 62.4 3405
1.5 77.0 170 80.7 1005 35.3 5502 75.5 2688 50.7 2915 37.9 4213 59.5 2749

DeepSeek-R1-Distill-Qwen-7B

0.1 90.7 547 93.6 2199 54.7 7323 92.5 3598 67.3 4797 49.8 5318 74.8 3964
0.5 89.6 242 90.2 1418 58.0 6275 88.0 2843 63.9 3928 47.8 4622 72.9 3221
1.0 90.0 126 86.4 919 57.4 6134 90.0 2174 63.3 3406 44.9 3663 72.0 2737
1.5 88.0 90 80.8 622 44.0 4478 73.0 1003 55.8 2075 37.9 1389 63.3 1610

Table 4: Parameter analysis of different α values from Equation 3 on both the DeepSeek-R1-Distill-Qwen-1.5B and
DeepSeek-R1-Distill-Qwen-1.5B models. Data with blue backgrounds correspond to the results reported in our
main experimental results Table 1.

Strategy
GSM8K MATH500 AIME24 AMC Olympiad GPQA-Diamond AVG

ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length ACC Length

DeepSeek-R1-Distill-Qwen-1.5B

full 81.0 403 84.6 1661 36.7 6924 77.5 3060 54.8 3979 39.8 4402 62.4 3405
w/o origin 80.0 216 80.3 1273 40.7 5885 75.0 2474 50.5 3658 34.1 5737 60.1(-2.3) 3207(-5.7)

DeepSeek-R1-Distill-Qwen-7B

full 90.0 126 86.4 919 57.4 6134 90.0 2174 63.3 3406 44.9 3663 72.0 2737
w/o origin 83.3 123 82.1 762 42.7 5897 74.5 1478 53.7 2687 33.3 3663 61.6(-10.4) 2435(-11.0)

Table 5: Ablation study on exploration strategies for DeepSeek-Distill-Qwen-1.5B and DeepSeek-Distill-Qwen-7B.
The blue numbers indicate metric changes relative to the full method employing all three exploration strategies.

egy 1 (Prompt-based regeneration) is shown in Fig-
ure 7, and the prompt used for Strategy 2 (Random
Truncation) is presented in Figure 8.

B More Detailed Experimental Results

We present here more detailed tabular results of the
ablation experiments in Section 4.3. The ablation
study on key components is presented in Table 4,
and the ablation study on the impact of exploration
strategies is shown in Table 5. The results in Table
4 demonstrate the importance of balancing explo-
ration and exploitation. Table 5 suggests that longer
original responses positively affect model accuracy,
as this enables the RL algorithm to steer away from
these incorrect responses during training.

C Analysis of Interaction Mechanism

We tabulate the truncation ratios (when the model’s
generated responses exceed the maximum token
limit, they are truncated) of the responses of the
DeepSeek-R1-Distill-Qwen-7B model at different
time steps as shown in Table 6. When priority
sampling is removed (w/o Dyn), the truncation ra-
tio during training is higher compared to the full

Step 0 Step 100 Step 200 Step 300

w/o SGE 0.21 0.08 0.04 0.04

w/o SGE 0.39 0.21 0.06 0.03

w/o SIL 0.24 0.10 0.12 0.09

Full 0.21 0.06 0.02 0.02

Table 6: Truncation rates of DeepSeek-R1-Distill-Qwen-
7B at different time steps during training

method, indicating that high-quality problems pos-
itively contribute to the model’s ability to gener-
ate concise responses. When self-guidance explo-
ration is removed (w/o SGE), the truncation ratio
during the early stages of training increases signif-
icantly compared to the full algorithm, showing
that self-guidance exploration effectively utilizes
the model’s capabilities to reduce overly long re-
sponses. When self-imitation learning is removed
(w/o SIL), the truncation ratio remains high dur-
ing the later stages of training. This is because
the model no longer receives learning signals for
token length optimization and only updates via the
GRPO loss. This highlights the critical role of self-
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imitation learning in guiding the model to generate
concise responses.

Thus, each component contributes positively
to promoting the generation of more concise re-
sponses. Furthermore, as shown in Table 6, the
full method incorporating all 3 components main-
tains a consistently low response truncation ratio
throughout the training process, enabling the model
to more effectively iterate toward generating more
concise responses.

D Case Study

As shown in Figure 9, we present a case from the
AIME 2024 dataset. DeepSeek-R1-Distill-Qwen-
7B consumes a significant amount of tokens (3017
tokens in total) during reasoning to produce the
correct answer, often containing unnecessary self-
reflections and redundant attempts. In contrast,
the model trained with our method uses only 1440
tokens, less than half of the token consumption of
the base model, while still arriving at the correct
answer. This demonstrates that our method enables
models to generate more concise reasoning steps
while maintaining accuracy.

To facilitate understanding of the operational
boundaries of the self-imitation mechanism, we se-
lect an example from the AIME24 dataset in which
the DeepSeek-R1-Distill-Qwen-7B model, after
SIGAM training with the hyperparameter α = 1.5,
produces an erroneous response, as illustrated in
Figure 10. On an 8 × 8 grid, moving from the
lower left corner to the upper right corner requires
8 right moves (R) and 8 up moves (U). The initial
step in the model’s reasoning already contains a
fundamental error (mistaking the required moves
as 7 right and 7 up). Consequently, all subsequent
reasoning is based on this incorrect premise. Due
to excessive compression, the model’s inference
lacked the necessary reflection process to correct
this fundamental error at the beginning, leading
to an incorrect answer. This observation suggests
that our current self-imitation mechanism is not yet
capable of performing more fine-grained identifica-
tion of which reflection steps are necessary. This
points to a potential direction for further improve-
ment in self-imitation learning.
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Jen enters a lottery by picking 4 distinct numbers from S = {1, 2, 3, · · · , 9, 10}. 4 numbers are randomly
chosen from S. She wins a prize if at least two of her numbers were 2 of the randomly chosen numbers, and
wins the grand prize if all four of her numbers were the randomly chosen numbers. The probability of her
winning the grand prize given that she won a prize is m

n where m and n are relatively prime positive integers.
Find m+ n.

Deepseek-R1-Distill-Qwen2.5-7B:
<think> Okay, so Jen is entering this lottery thing by picking 4 distinct numbers from the set S = 1, 2, 3,
..., 10. Then, 4 numbers are randomly chosen from S, and Jen wins a prize if at least two of her numbers
match the randomly chosen ones [...] But wait, if A is a subset of B, meaning if she wins the grand prize,
she definitely wins a prize, then A ∩ B is just A [...] Wait, let me verify that. 210 - 95 is indeed 115 [...]
Maybe I made a mistake in computing P(A) or P(B). Let’s see. P(A) is the probability that all four numbers
match [...] Wait, hold on. Let me do that again. (1/210) × (42/23) = (42)/(210 × 23). 42 divided by
210 is 1/5, so (1/5)/23 = 1/(5 × 23) = 1/115. Wait, so P(A|B) = 1/115? Hmm, is that correct? Let
me think differently. [...] Therefore, the answer is 116. Final Answer \boxed{116} </think> Jen enters
a lottery by picking 4 distinct numbers from the set S = {1, 2, 3, . . . , 9, 10}. She wins a prize if at least
two of her numbers are among the 4 randomly chosen numbers, and she wins the grand prize if all four
of her numbers are chosen. We need to find the probability of her winning the grand prize given that she
won a prize, expressed as m

n where m and n are relatively prime positive integers, and then find m + n.
First, we calculate the total number of possible combinations for choosing 4 numbers from 10, which is(
10
4

)
= 210. The probability of winning the grand prize (event A) is 1

210 . Next, we calculate the probability
of winning a prize (event B), which includes winning with exactly 2, 3, or 4 numbers matching. We
use the complement rule to find the probability of fewer than two matches (0 or 1 match) and subtract it
from 1. - The number of ways to have 0 matches is

(
6
4

)
= 15. - The number of ways to have 1 match is(

4
1

)
×
(
6
3

)
= 4× 20 = 80. Thus, the probability of fewer than two matches is 15+80

210 = 95
210 . Therefore, the

probability of at least two matches is 1− 95
210 = 115

210 = 23
42 . The probability of winning the grand prize given

that she won a prize is: P (A|B) = P (A)
P (B) =

1
210
23
42

= 1
210 × 42

23 = 42
210×23 = 1

115 Thus, the probability is 1
115 ,

and m+ n = 1 + 115 = 116. \boxed{116}. (3017 Tokens)

SIGMA(Ours):
<think> Okay, so Jen is entering a lottery where she picks 4 distinct numbers from the set S = 1, 2, 3, ..., 9,
10. Then, 4 numbers are randomly chosen from S. Jen wins a prize if at least two of her numbers match the
randomly chosen numbers [...] But wait, if she wins the grand prize, that means she definitely won a prize,
right? Because winning the grand prize is a subset of winning a prize. So, A is a subset of B. Therefore,
P (A ∩B) is just P(A) [...] They are coprime. So, m + n = 1 + 115 = 116. **Final Answer** \boxed{116}
</think> Jen enters a lottery by picking 4 distinct numbers from the set S = {1, 2, 3, . . . , 9, 10}. The
total number of ways to choose 4 numbers from 10 is

(
10
4

)
= 210. To find the probability of winning

the grand prize (event A), we note that there is only 1 way to choose exactly her 4 numbers. Thus,
P (A) = 1

210 . To find the probability of winning a prize (event B), we use the complement rule. The
probability of winning a prize is the complement of winning 0 or 1 numbers. - The number of ways
to choose 0 matching numbers is

(
6
4

)
= 15. - The number of ways to choose 1 matching number is(

4
1

)
×
(
6
3

)
= 4× 20 = 80. Thus, the probability of winning 0 or 1 numbers is 15+80

210 = 95
210 . Therefore, the

probability of winning at least 2 numbers is: P (B) = 1 − 95
210 = 115

210 = 23
42 The conditional probability

P (A|B) is: P (A|B) = P (A)
P (B) =

1
210
23
42

= 1
210 × 42

23 = 42
210×23 = 1

115 Thus, the probability is 1
115 , and

m+ n = 1 + 115 = 116. \boxed{116}. (1440 Tokens)

Question (AIME2024):

Figure 9: Using DeepSeek-R1-Distill-Qwen2.5-7B as the backbone, the responses generated by our SIGMA-trained
model and the base model on a problem from AIME 2024. The base model used 3017 tokens to produce the correct
answer, while the model trained with our method required only 1440 tokens, effectively reducing redundant tokens.
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Question (AIME2024):
Consider the paths of length 16 that follow the lines from the lower left corner to the upper right corner on
an 8× 8 grid. Find the number of such paths that change direction exactly four times, as in the examples

shown below.

SIGMA(Ours) with α = 1.5:
<think> I need to count the number of paths on an 8x8 grid from the lower left to the upper right corner that
change direction exactly four times. Each path is a sequence of moves, either right or up. Since it’s an 8x8
grid, each path must have 15 moves: 7 right and 7 up. Changing direction exactly four times means there
are five segments (since each direction change increases the number of segments by one). These segments
alternate between horizontal and vertical moves. Since the path starts at the lower left, the first move can be
either right or up. Let’s consider both cases. Case 1: The path starts with a right move. Then the directions
alternate: right, up, right, up, etc. Since there are five segments, the sequence will be right, up, right, up, right.
Wait, that’s five segments, but starting with right, the directions would be R, U, R, U, R. However, since we
need exactly four direction changes, the number of segments is five. But in an 8x8 grid, to go from (0,0) to
(7,7), we need 7 right and 7 up moves. Wait, perhaps I should think in terms of runs. Each direction change
corresponds to a run switch. So, if there are four direction changes, there are five runs. Since the path starts
at the lower left, the first run is either right or up. If it starts with right, the runs are R, U, R, U, R. Similarly,
if it starts with up, the runs are U, R, U, R, U. In each case, the number of runs of each direction must add up
to 7. For example, if starting with right, the number of right runs is 3 and up runs is 2. Because the sequence
is R, U, R, U, R, which is three R runs and two U runs. Similarly, starting with up, it’s three U runs and two
R runs. So, for each case, we need to distribute 7 right moves into 3 runs and 7 up moves into 2 runs, or
vice versa. The number of ways to distribute 7 identical items into 3 distinct runs is C(7-1,3-1) = C(6,2) =
15. Similarly, distributing 7 into 2 runs is C(6,1)=6. Therefore, for each starting direction, the number of
paths is 15*6=90. Since there are two starting directions, the total number of paths is 2*90=180. Wait, is that
correct? Let me verify. Yes, because if you start with right, you have 3 right runs and 2 up runs. The number
of ways to split 7 rights into 3 runs is C(6,2)=15, and 7 ups into 2 runs is C(6,1)=6. So 15*6=90. Similarly
for starting with up, it’s the same. So total is 180. </think> The number of such paths is \boxed{180}.

Figure 10: A response generated by a model trained with SIGMA using DeepSeek-R1-Distill-Qwen2.5-7B as the
backbone on a problem from AIME 2024. A high value of α encourages greater reliance on concise responses,
which may lead to over-compression and the omission of critical steps. In this example, the model’s reasoning was
already flawed at the outset, but it skipped the reflection process, thereby failing to correct this fundamental error.
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