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Abstract

Large Language Models (LLMs) increasingly
rely on chain-of-thought (CoT) reasoning to
improve accuracy on complex tasks. However,
always generating lengthy reasoning traces
is inefficient, leading to excessive token us-
age and higher inference costs. This paper
introduces the Hybrid Policy Optimization
(i.e., HiPO), a framework for adaptive rea-
soning control that enables LLMs to selec-
tively decide when to engage in detailed rea-
soning (Think-on) and when to respond di-
rectly (Think-off). Specifically, HiPO com-
bines a hybrid data pipeline—providing paired
Think-on and Think-off responses—with a
hybrid reinforcement learning reward system
that balances accuracy and efficiency while
avoiding over-reliance on detailed reasoning.
Experiments across mathematics and coding
benchmarks demonstrate that HiPO can sub-
stantially reduce token length while maintain-
ing or improving accuracy. Finally, we hope
HiPO can be a principled approach for effi-
cient adaptive reasoning, advancing the deploy-
ment of reasoning-oriented LLMs in real-world,
resource-sensitive settings.

1 Introduction

Large Language Models (LLMs) have achieved un-
precedented success across diverse cognitive tasks,
from code generation and mathematical reasoning
to scientific problem-solving. A key driver of this
progress is the integration of Chain-of-Thought
(CoT) (Yao et al., 2023; Wei et al., 2023) reason-
ing—a paradigm where models decompose com-
plex queries into sequential, interpretable steps to
derive accurate outputs. These approaches enhance
accuracy on challenging problems but also intro-
duce a persistent drawback: overthinking (Kumar
et al., 2025; Sui et al., 2025; Nayab et al., 2025).
Even for trivial queries, models often generate un-
necessarily long reasoning chains, leading to in-
flated token usage, higher latency, and reduced effi-

ciency in interactive applications. This inefficiency
creates a fundamental tension between reasoning
quality and computational cost, raising the need to
adaptively regulate reasoning depth.

Recent work has explored adaptive reasoning
control to mitigate overthinking, and can be divided
into two categories: (i) training-based adaptive rea-
soning, where reinforcement learning (RL) (Ag-
garwal and Welleck, 2025; Arora and Zanette,
2025; Hou et al., 2025; Luo et al., 2025; Shen
et al., 2025; Team et al., 2025; Lou et al., 2025) or
supervised fine-tuning (SFT) (Munkhdalai et al.,
2024; Ma et al., 2025; Chen et al., 2025a; Kang
et al., 2025) encourages concise reasoning through
length penalties or conciseness rewards; (ii) exter-
nal control, which constrains reasoning with hand-
crafted prompts or dynamic instructions (Xu et al.,
2025; Renze and Guven, 2024; Chen et al., 2024;
Munkhbat et al., 2025). While effective to some
extent, these methods suffer from important limita-
tions: coarse supervision signals, monotonic incen-
tives that discourage deeper reasoning on difficult
problems, and a lack of principled trade-offs be-
tween accuracy, latency, and token efficiency.

To address these challenges, we introduce HiPO
(Hybrid Policy Optimization), a unified framework
for adaptive reasoning in LLMs. HiPO is designed
to enable models to decide when to “think™ (i.e.,
Think-on)and when to skip reasoning (i.e., Think-
off), thereby striking a balance between correct-
ness and efficiency. Specifically, our approach
builds on two key innovations: (1) Hybrid Data
Construction Pipeline. As shown in Figure 1, we
first collect the training data containing both Think-
on and Think-off responses. Each query is auto-
matically categorized based on its difficulty and
response correctness. Then, a high-performance
model (i.e., DeepSeek-V3 (Liu et al., 2024a)) is
used to produce the explicit explanations to justify
its reasoning-mode decisions. Finally, for each
query, the final response based on the thinking
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Figure 1: Framework of the hybrid data construction pipeline. For each query, we first produce the think-off and
think-on responses and then determine the thinking mode based on predefined criteria. After that, we apply the
high-performance model to produce the judge analysis for the corresponding specific mode.

mode and the corresponding explanation construct
the hybrid output. (2) Hybrid Reinforcement Learn-
ing Reward System. We propose a hybrid reward
design that balances Think-on and Think-off deci-
sions. Specifically, a bias adjustment mechanism
prevents the model from over-relying on verbose
reasoning, while mode-aware advantage functions
align reasoning-mode selection with actual perfor-
mance gains. This ensures stable training and prin-
cipled control over reasoning depth.
In summary, our contributions are threefold:

* We propose HiPO for adaptive LLM reason-
ing, which includes the hybrid data construc-
tion and hybrid reinforcement learning.

¢ In the hybrid data construction pipeline, we
produce logically rich Think-on and concise
Think-off responses with the justification for
the thinking mode. Then, for hybrid reinforce-
ment learning, we introduce both the judge
analysis and the response reward signal to en-
able principled control of reasoning depth.

* Experimental results on multiple datasets
demonstrate that HiPO can consistently re-
duce redundant reasoning while improving or
maintaining accuracy.

2 Related Works

RL for LLM Reasoning. Recent advances in re-
inforcement learning (RL) have significantly en-
hanced LLMs’ complex reasoning capabilities,
moving beyond supervised fine-tuning (SFT) limi-
tations. State-of-the-art RL algorithms demonstrate

superior performance in mathematical reasoning
and multi-step problem solving: GRPO (Shao
et al., 2024) stabilizes training through intra-group
relative reward comparisons; GSPO (Zheng et al.,
2025) defines sequence-level importance ratios and
applies sequence-level clipping/rewarding/updates
to improve efficiency and stabilize MoE training;
VAPO (Yue et al., 2025) ensures reward consis-
tency via value-aware optimization; PPO (Schul-
man et al., 2017) constrains policy updates through
clipping mechanisms; and DPO (Rafailov et al.,
2024) learns directly from human preferences with-
out explicit reward modeling.

Adaptive Reasoning. Reasoning-oriented LLMs
(e.g., CoT (Yao et al., 2023; Wei et al., 2023) and
R1-style (DeepSeek-Al et al., 2025) systems) have
improved complex problem solving via explicit
step-by-step reasoning and self-reflection but also
suffer from “overthinking” (Kumar et al., 2025;
Sui et al., 2025; Nayab et al., 2025), where sim-
ple queries trigger redundant chains that inflate
compute, latency, and token usage, hindering inter-
active deployment. To address this, existing work
focuses on: (i) Training-based adaptive reasoning:
RL to conditionally trigger CoT, length penalties
and conciseness rewards (Aggarwal and Welleck,
2025; Arora and Zanette, 2025; Hou et al., 2025;
Luo et al., 2025; Shen et al., 2025; Team et al.,
2025; Lou et al., 2025; Zhan et al., 2025), and
SFT (Munkhdalai et al., 2024; Ma et al., 2025;
Chen et al., 2025a; Kang et al., 2025) to prefer
shorter yet correct reasoning; (ii) External control :
prompt designs that limit steps or defer CoT (Xu
et al., 2025; Renze and Guven, 2024; Chen et al.,
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Figure 2: Statistics of Data Sources.

2024; Munkhbat et al., 2025); (iii) Post-hoc Ef-
ficiency Optimization: pruning and restructuring
chains after generation (Aytes et al., 2025; Xia et al.,
2025; Liu et al., 2024b; Sun et al., 2024; Yang
et al., 2025). However, existing adaptive reasoning
methods lack an explicit, learnable, instance-level
mechanism for determining when reasoning is nec-
essary. Their mode-selection signals—whether de-
rived from teacher labels, multi-stage heuristics,
or global constraints—do not provide the model
with a stable and interpretable decision boundary.
This results in limited robustness, reduced inter-
pretability, and unstable gating behavior. To ad-
dress these challenges, HiPO introduces a frame-
work grounded in endogenous, instance-level judg-
ment and disentangled credit assignment. More
discussions are provided in Appendix A.S5.

3 Method

Our HiPO framework consists of two important
components: (i) a hybrid data construction pipeline
that generates training data with both Think-on
and Think-off responses; (ii) a hybrid reinforce-
ment learning reward system that combines mode-
specific accuracy and global average performance,
along with a bias-adjustment mechanism to prevent
over-reliance on the Think-on mode.

3.1 Hybrid Data Construction Pipeline

This process begins with a novel data labeling
system leveraging state-of-the-art LLMs to assess
each query’s difficulty and domain characteristics.
Queries are then classified into Think-on and Think-
off categories based on their intrinsic complexity
and the availability of verifiable answers.

3.1.1 Data Source

We construct a corpus for code and mathemat-
ics by integrating diverse public sources, as il-
lustrated in Fig. 2, including AM-Thinking-v1-
Distilled (Tian et al., 2025), II-Thought-RL (Inter-
net, 2025), AceReason-Math (Chen et al., 2025b),
and Skywork-OR1-RL-Data (He et al., 2025).

3.1.2 Data Collection

To effectively enhance the performance of HiPO,
we design a structured data construction pipeline
aimed at exploring and guiding the model’s prefer-
ence between the Think-on and Think-off reason-
ing modes. Our training dataset is meticulously
curated to be logically rich, cross-domain, and suf-
ficiently challenging.

We adopt a multi-stage data generation process
as shown in Figure 1. For each query, the pipeline
samples N responses under the Think-on mode
and N responses under the Think-off mode using a
dedicated reasoning model. All responses are then
verified for correctness, and the reasoning mode
with the higher pass rate is selected as the preferred
mode for that query. Let po, and pogr denote the
pass rates of the Think-on and Think-off modes,
respectively. If the difference in pass rates satisfies
|Pon — Pott| < d, where 4 is a predefined threshold,
the Think-off mode is selected. This tie-breaking
strategy encourages the model to prefer more con-
cise responses when deeper reasoning does not lead
to a significant improvement in correctness. For
the winning mode, the shortest correct response is
retained as the final sample. To expose the model
to diverse reasoning scenarios and encourage adap-
tive behavior, we randomly assign a mode to 1%
of the queries, forcing the model to encounter di-
verse reasoning scenarios. This forces the model
to engage with both reasoning styles in varying
contexts, which is essential for learning when to
switch modes dynamically during inference. Ad-
ditionally, we incorporate an auxiliary explanation
signal to enhance the model’s mode alignment ca-
pabilities. For each query-response pair, we prompt
DeepSeek-V3 (Liu et al., 2024a) to generate a jus-
tification explaining why the selected mode is ap-
propriate. This explanation provides a valuable
training signal for aligning mode decisions with
the underlying reasoning complexity.

3.1.3 Data Format

The training samples follow a unified structure en-
compassing justification and answer generation. In



Table 1, this design guides the model to decide
when reasoning is needed and to generate answers
consistent with it. The special tokens are detailed
in Table 1, ensuring a clear separation between
reasoning and final response for better alignment.
Ablation study on mode-explanation supervision is
presented in appendix A.7.

3.2 Hybrid RL Reward System

This section details the reinforcement learning pro-
cess used to teach the model how to effectively
balance Think-on and Think-off reasoning modes.
The approach is built on a hybrid RL reward system
that guides the model’s optimization.

3.2.1 Basic Reward Formulation

Consider a group of N sampled responses, for each
response i € {1,..., N}, we denote its answer
correctness by ACC; € {0, 1}, its format correct-
ness by FORMAT; € {0, 1}, its basic reward by
r;=ACC; + 0.2 - FORMAT; € R, and its reason-
ing mode by M; € {on, off}, where M;=on indi-
cates the Think-on mode and M;=off indicates the
Think-off mode.

3.2.2 Bias Adjustment Mechanism

A potential risk of the hybrid reward design is that
the model may overfit to the more accurate Think-
on mode, favoring deep reasoning even when it is
unnecessary. This tendency can reduce response
efficiency and hinder the flexibility in reasoning
behavior. To mitigate this issue, we introduce a bias
adjustment mechanism to dynamically regularize
the contribution of mode-specific accuracies.

Let rop = N%n ZZ Mi=on T denote the average
reward of generated responses under the Think-
on mode, and let 7 denote the corresponding
average for the Think-off mode. We introduce
a bias term bogf = w - Ty to encourage efficient
reasoning, where w controls the bias ratio. The ad-
justment is applied only when the Think-off mode
performs comparably to the Think-on mode, specif-
ically when the performance gap remains within
the bias threshold. Let § = 7y, — 7ofr denote the
performance gap, the adjusted reward is defined as:

, Toff + boff, 1f 0 <0 < bogt,
Toff = )
Toff, otherwise.

This mechanism prevents the model from gain-
ing an unfair advantage by overfitting to the more
verbose but more accurate Think-on mode. More-
over, it ensures that the adjusted accuracies remain

faithful to the true relative performance between
reasoning modes, thereby improving training sta-
bility and preserving the intended balance between
depth and efficiency.

3.2.3 Supervision RL with HiPO

The final advantage function is formulated as a hy-
brid signal that integrates both judge analysis and
model response. Each response ¢ receives two dis-
tinct scalar advantage, including judge advantage
based on the quality of the mode justification, and
answer advantage based on correctness and format.

The judge advantage AI"* captures the broader
decision-level utility of selecting a particular mode.
Let 7 = mean(r) denote the global mean reward,
and define the mode-specific advantages as Ay, =
mean(ry,) — 7 and Ay = mean(rog) — 7. The
judge advantage function is then given by:

Aon+y(ri—7) : L —
wdr) if M; = on,

Aoty (ri—T)
std(r) ’

Ajiudge _ (2)
if M; = off.

The first term Ay, quantifies the global advan-
tage of the chosen mode over the full group av-

erage, guiding the model toward selecting modes
that yield higher expected rewards. The second
term 7 - (r; — 7) ensures that the judge’s justifi-
cation is also accountable for the quality of the
response under the selected mode, thereby aligning
the explanation with actual performance. The nor-
malization factor std(r) stabilizes the reward signal
across groups.

In contrast to the judge advantage function, the
advantage A" is computed within the context
of the selected reasoning mode. Since the mode M;
has already been determined prior to response gen-
eration, it is natural to assess the response quality
relative to other responses within the same mode.
Let ), and o)y, denote the mean and standard
deviation of rewards within mode M;, respectively.
The answer advantage is defined as:

answer __ 14 — TM;

A; = o 3)

This local normalization focuses the learning signal

on intra-mode variance, encouraging the model to

improve response quality without conflating mode
preference.

To assign token-level reward for training with
reinforcement learning, we define the final reward
for each token ¢ in sample ¢ as follows:

if token ¢ € Janswer,

Aanswer
Aig =37 . 4
M Al iftoken ¢ e Tivdee, @



Think-on Mode | Think-off Mode Special Token ~ Description

<judge> <judge> . . .
{judge_analysis} {judge_analysis} <judge> Analyzes input query to determine
</judge> </judge> whether reasoning is required.

<think_off>
<answer>
{response}

<think_on>
<think>

<think_on/off>

Specifies whether reasoning should be ac-
tivated ("on") or skipped ("off").

{thinking_content} . . . . .
< > s s
< thinks </ answers think %}grl: the t()jegmmng of reasoning in
ink-on mode.
<answer> <answer> Marks the beginning of the model’s an-

{response}
</answer>

SWET.

Table 1: Formatting templates (left) and special tokens with their descriptions (right).

where 7799g¢ and 72Wer denote the token index
sets corresponding to the judge segment and the an-
swer segment, respectively, within each response.
Given a query ¢, HiPO generates a collection of
candidate outputs {0;}$; from the old policy 7y,
For each output o;, let 7; denote the set of token
positions in response i, i.e., J; = Tvdge | Franswer,
We define the per-token probability ratio as p; ; =
7o(Yi,t | hit)

o Yirt | hit)’
in 0; and h; ; is its conditioning context. The policy

g is optimized by maximizing the following token-
level objective:

where y; ; is the ¢-th generated token

J0) =E|q~ P(Q),{o}&1 ~ ma(-a)]

1 1 .
¥ Z i Z <m1n (it Aig,
i1

teT;
clip(pit, 1 —€, 1 +¢) Ai,t)

= BDku(mo (- i) || met (- i) ).
&)
Here A, ; is the token-level advantage defined in
Eq. (4) via segment-wise assignment, and D, is
the token-level KL between the current policy and
the reference policy at context A; ;.

3.3 Training Paradigm

Our HiPO framework adopts a two-stage training
paradigm, consisting of a cold-start stage and a
RL stage. In the cold-start stage, the model is
initialized with high-quality, hybrid training data,
including both Think-on and Think-off responses.
This stage enables the model to acquire fundamen-
tal reasoning and answering capabilities, while es-
tablishing an initial balance between analytical rea-
soning and concise responses. In the RL stage, the
model is further optimized using the hybrid reward
system, which integrates mode-specific accuracy
and global average performance. Together, these
two stages ensure that HiPO achieves both strong

reasoning ability and token efficiency.

4 Experiments

4.1 Experimental setup

Implementation details. Since Qwen3-8B-
Instruct can freely switch between inference modes,
we chose it for our experiment. However, when
the training data is insufficient, training Qwen3-8B-
Instruct can easily lead to a decline in performance
on the test set (Details can be found in the Appendix
A.2). To address this, we conducted Cold-Start
tuning to stabilize its performance with relatively
large datasets. For the Cold-Start stage, we use the
“AM-Thinking-v1-Distilled”, “AceReason-Math”,
“AM-Thinking”, “II-Thought-RL(math)” dataset
for training. The parameters are set as: maximum
learning rate is 8e-5, minimum learning rate is 8e-6
and batch size is 512. For the RL stage, we use
the “II-Thought-RL(code)”, “Skywork-OR1-RL-
Data” dataset for training. The parameters are set
as: batch size = 16, maximum response length =
32k, N =16, w =0.01, and v = 0.3. Besides, the
¢ in the data collection stage is set as 0.2.
Baselines. We designed the following baselines
for comparison. (1) Cold-Start: We perform
Cold-Start on the model using the data construc-
tion method in Section 3.1. (2) Cold-Start (On):
We apply Cold-Start only using the collected data
under the Think-on mode. (3) Cold-Start (On)
+ GRPO: We further train the Cold-Start (On)
model using GRPO. (4) Cold-Start + GRPO: We
further train the Cold-Start model with GRPO. (5)
HiPO: We train the model following HiPO. (6)
AdaptThink: We reproduced the code provided
in (Zhang et al., 2025). (7) AutoThink: We repro-
duced the code provided in (Tu et al., 2025).
Evaluation benchmarks. We conducted tests
on AIME2024, AIME2025, HumanEval (Chen
et al., 2021), LiveCodeBench V6 (Jain et al., 2024),
MBPP (Austin et al., 2021), MATH-500 (Light-



man et al., 2023), and GPQA-Diamond (Rein et al.,
2023) with AVG@32 evaluation setting.

4.2 Main Results

In Table 2, we observe that training the model
solely on Think-on data leads the model to engage
in reasoning for problems of any difficulty. We use
this baseline as a typical example of “overthink-
ing” for comparison. After applying GRPO to the
Cold-Start (on) model, there is a significant im-
provement in accuracy, with an average accuracy
increase of 3.1%. However, this does not reduce
the token length and thinking rate of the model. On
the contrary, to achieve higher accuracy, the token
length on simpler datasets increases significantly.
When training the model on a dataset containing
both Think-on and Think-off data, the accuracy of
the resulting Cold-Start model improves by 4.0%
compared to the Cold-Start(on) model, while the
token length and thinking rate decrease by 10.8%
and 22%, respectively. After applying GRPO to
the Cold-Start model, there is no significant change
in performance. However, when applying HiPO to
train the Cold-Start model, the accuracy improves
by 6.2%, while the token length and thinking rate
decrease dramatically by 30% and 39%, respec-
tively. Moreover, results show that HiPO outper-
forms existing methods on both efficiency and ac-
curacy. Stability analysis is presented in the ap-
pendix A.6. Analysis of Generalization of HiPO
on long-context, tool-use, and general science tasks
is presented in the Appendix A.8.

4.3 Ablation Study

Effect of selecting the shortest response In the
data construction pipeline, we select the shortest
response (Cold-Start (Shortest)) as the final sam-
ple. To analyze the effect of this strategy, we ad-
ditionally propose two variants called (Cold-Start
(Longest) and Cold-Start (Random)) by selecting
the longest responses and randomly selecting the
responses, respectively. In Figure 3(a), Cold-Start
(Shortest) shows an improvement in accuracy com-
pared to both Cold-Start (Longest) and Cold-Start
(Random), with a decrease in both the Thinking
ratio and Token length. Therefore, we adopt this
Cold-Start (Shortest) strategy for Cold-Start.

Effect of design strategies for AJ*'2 and Aanswer
In the reinforcement learning stage, first, we uti-
lize the term mean(r ;) — mean(r) to quantify the
global advantage of the chosen mode over the full
group average. Second, the local normalization

based on the mode-specific mean and standard devi-
ation is used for A2"%°". To demonstrate the effect
of these strategies, as shown in Table 3, we design
two variants (i.e., HiPO (w/o global adv) and HiPO
(w/o local norm)). For HiPO (w/o global adv), we
directly remove the global advantage for Al"*¢°,
For HiPO (w/o local norm), we just use the global
normalization across the responses in a group. In
Table 3, we observe that HiPO achieves significant
improvements in performance and efficiency when
compared to these two variants.

Effect of different v values. Figure 3(b) shows
that, when the value of 7 is set to 0.00, the reward
for the judge token lacks information about the
current response, resulting in lower model accu-
racy and higher token length. On the other hand,
when 7 is set too high, the scales of the two terms
(mean(rfr) - mean(r)) and (r; — mean(r)) become
imbalanced, which leads to a decrease in model
accuracy and an increase in token length.

Effect of different rollout numbers Figure 4
shows that, when the rollout number NV is set to
16, the model achieves better average performance,
shorter token length, and lower think rate. We
attribute this to the fact that this configuration pro-
vides sufficient data to explore diverse possibilities
while avoiding excessive samples with redundant
reasoning that dilute the training signal. As a result,
the model focuses more on learning from higher-
quality samples, leading to a more concise strategy
with improved accuracy, reduced token length, and
lower think rate.

Effect of different w values Figure 4 shows that,
setting w to 0.01 provides a balanced trade-off be-
tween performance and efficiency. This configu-
ration mitigates the overly conservative behavior
seen at 0.0 while avoiding the overly aggressive be-
havior at higher settings, and achieving the largest
efficiency gains with minimal performance loss.

4.4 Further Analysis

Think-on vs. Think-off Dynamics During Train-
ing and Inference During the training and evalu-
ation processes, we track how the model’s decision-
making evolves by monitoring the frequency of
reasoning-mode activations and the correspond-
ing output length. Specifically, we logged the fre-
quency of <think_on> and <think_off> activa-
tions at each step. As shown in Figure 5(a), HiPO
not only improves final accuracy but also sharp-
ens the model’s gating behavior, allowing it to skip
unnecessary reasoning. Specifically, the gap be-



‘ AIME2024 ‘ AIME2025 ‘ LiveCodeBench \ HumanEval
Method

| Acct  Length|  Ratior] | Acet Length|  Ratior] | Accl  Length| Ratior) | Accl  Length,  Ratior)
Cold-Start (on) 80.8 21265 1.00 71.7 23791 1.00 56.2 19473 1.00 82.9 2662 1.00
+ GRPO 82.512.1% 21045.1.0% 1.00—-0.0% 76.717%  2269511.6% 1.00-0.0% [ 57.312.0% 19067.2.1% 1.00-0.0% [95.1+14.7% 3597+35.1% 1.00—0.0%
Cold-Start 85.816.2% 18138 ,14.7% 1.00-0.0% | 76.717.0% 20613 113.4% 1.00—0.0% | 60.815.2% 18158, 6.8% 09119.0% | 88.416.6% 2272114.6% 0.54,46.3%
+ GRPO 86.717.2% 17083 19.7% 1.00—0.0% [79.17110.5% 19869 16.5% 1.00—0.0% [62.1710.6% 18046,7.3% 0.93,7.3% | 87.815.0% 2220116.6% 0.59140.8%
AdaptThink 83.313.1% 16598,21.9% 0.93.7.0% | 74.213.5% 19993 116.0% 0.84116.0% | 57.111.6% 16162,17.0% 0.78125.0%| 85.413.0% 915,65.6% 0.16,84.0%
AutoThink 84.313.5% 17061119.8% 0.9515.0% | 75.014.6% 18784121.0% 0.88112.0% | 57.512.3% 15672,19.5% 0.80120.0%| 82.310.7% 1050160.6% 0.18.82.0%
HiPO 87.5t8.3% 15107120.0% 0.9811.7% | 82.5115.1% 17655125.8% 0.9515.0% [63.0112.2% 13558130.4% 0.82118.5%| 90.218.8%  776170.9% 0.12188.4%

MATH-500 ‘ GPQA-Diamond ‘ MBPP ‘ Average

Method

| Acet  Lengthi  Ratior) | Acct Length,  Ratior) | Acct  Length,  Ratiorl | Acel  Length)  Ratior|
Cold-Start (on) 92.0 6237 1.00 61.1 10832 1.00 72.0 4411 1.00 73.8 12667 1.00
+ GRPO 93.210.0% 625611.3% 1.00—0.0% | 57.615.8% 10633 ,1.8% 1.00—0.0% | 71.810.3% 5103115.7% 1.00—0.0% | 76.313.3% 12628,0.3% 1.00—0.0%
Cold-Start 93.011.1% 5215116.4% 0.65135.0% | 61.6170.8% 1117213.1% 0.95,4.5% | 71.410.8% 3561119.3% 0.42158.0%| 76.814.1% 11304,10.8% 0.78121.8%
+ GRPO 92.810.9% 5204116.6% 0.68131.8% | 58.614.1% 10581 ,2.3% 0.98,2.0% |72.0-0.0% 434111.6% 0.38162.0%|77.014.3% 11049 |12 8% 0.79120.6%
AdaptThink 92.810.9% 4213132.5% 0.55145.0% | 56.118.2% 10242,5.4% 09119.0% | 68.015.6% 4165/5.6% 0.33167.0%|73.8—0.0% 10327,18.5% 0.64,36.0%
AutoThink 92.810.9% 4261131.7% 0.56144.0% | 58.114.9% 9898 .3.6% 0.89111.0%|70.012.8% 4958 ,12.4% 0.40160.0%| 74.310.7% 10240,19.2% 0.67133.0%
HiPO 95.6 13.9% 4090 |34.4% 0.54 |45.8%| 60.1 [1.7% 9367 113.5% 0.92] —s.1%| 72.2170.3% 1338 169.7% 0.121858.0%| 78.416.3% 8842130.2% 0.63136.5%

Table 2: Based on Qwen3-8B, performance of different methods on multiple benchmarks. Ratiot denotes the ratio

of “Think-on” mode over the corresponding benchmark.
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Figure 4: Performance of different rollout numbers and w values.

tween <think_on> and <think_off> activations
decreases from 89.5% at the beginning of training
to 53.1% by the end. In Figure 5(b) shows the
proportion of Think-on activations across differ-
ent datasets during inference. Reasoning-intensive
tasks, including AIME2024, and LiveCodeBench,
consistently demonstrate high Think-on activation
rates (>70%) throughout training. Conversely,
tasks that require less explicit reasoning, such as
HumanEval, exhibit a clear downward trend in
Think-on activation as training progresses.

Token Count Dynamics During Training and
Inference During RL training, the average token

count shows a consistent downward trend in Fig-
ure 5(c), which indicates that the model gradually
learns to produce more concise responses and high-
light the HiPO reward design in encouraging effi-
cient token usage Besides, Figure 5(d) shows the
corresponding dynamics in average token counts
per generated response during inference, and we
also observe consistent token reduction in training.

Generalization on More Models In Table 4, we
report the performance of HiPO on Qwen3-1.7B
and Qwen3-32B, which shows consistent improve-
ments on both accuracy and efficiency.



| AIME2024 | LiveCodeBench HumanEval
Method . . .
‘ Acc Length Ratioy ‘ Acc Length Ratioy ‘ Acc Length Ratioy
HiPO | 87.50 15107 098 | 63.00 13558 082 | 902 716 0.12
HiPO (w/o global adv) | 85.83,1.9% 18064119.6% 1.0012.0% | 56.8319.: 1456117.4%  0.8614.9% | 89.6314.9% 16601114.9% 0.271125.0%
HiPO (w/o local norm) | 85.00/2.9% 18268120.9% 1.00t2.0% | 58.37,7.3% 16029118.2% 0.8817.3% | 89.6310.6% 20521164.4% 0.321166.7%
Table 3: Performance of different design strategies on advantage functions.
| AIME24 | LiveCodeBench HumanEval | MBPP
Method | Acc Length Ratior | Acc Length Ratioy | Acc Length Ratioy | Acc Length Ratioy
Qwen3-1.7B
Cold-Start (On) 63.3 24214 1.00 33.7 25616 1.00 77.4 4172 1.00 54.6 8587 1.00
Cold-Start 65.012.7% 21039131 1.00-0.0% 37411 21364 16.6% 0.98,2.0° 81.7+5.2¢ 3084, 26.1 03916 54.410.4% 6398 25.5 0.64136.0%
HiPO 68.3 17614275 0.986.0 44315 19358 214 0.925.0 86.0711.1 197352 0.28162.0¢ 62.8715. 4330140« 0471530
Qwen3-32B
Cold-Start (On) 81.7 19551 1.00 65.4 17885 1.00 87.8 4298 1.00 76.2 4753 1.00
Cold-Start 85.0 16542 1.00-0.0% 65.910.8 14935, 16.5 0.87 92.1+4.9¢ 27851352 0.47 784122 3991 16.¢ 0.5149.0%
HiPO 88315 14873 239 098,20 68.5 1272125 9 082,150 92.7+5 82450 5 0.18 52 0° 844110 5 2070156 0.24,76.0%
Table 4: Performance of HiPO on more models.
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Figure 5: (a) Think-on and Think-off ratios in training.
(b) Think-on ratio of different datasets. (c) Average
token usage in RL training. (d) Token usage of different
datasets. “LCB” denotes “LiveCodeBench”.

(c) Training Token

Token length distribution of Think-off vs.
Think-on As illustrated in the token length dis-
tributions across benchmarks such as AIME2025,
AIME2024, LiveCodeBench, GPQA-Diamond,
Humaneval, GSM8K, and MATH-500 (Figure 6),
the “think-off “outputs consistently remain an order
of magnitude shorter than their “think-on” coun-
terparts, with average lengths typically in the hun-
dreds versus thousands of tokens. These results
further demonstrate the effectiveness of HiPO.

Moreover, we refer readers to see Appendix A.9
and Appendix A.10 for more analysis.

In this work, we introduced HiPO, a hybrid frame-
work for adaptive reasoning in LLMs. By combin-
ing a hybrid data pipeline with a hybrid reinforce-
ment learning reward system, HiPO enables models
to dynamically balance Think-on and Think-off rea-
soning, mitigating the issue of overthinking while
preserving accuracy. Experiments demonstrate that
HiPO achieves competitive or superior accuracy
with significantly improved token efficiency and
reduced reasoning redundancy.

6 Limitations

This study validates HiPO primarily within logic-
intensive domains like mathematics and coding.
While preliminary generalization is demonstrated
in the appendix, extending the framework to subjec-
tive or creative tasks—where the boundary between
thinking and responding is ambiguous—remains a
future direction. This specific focus does not un-
dermine HiPO’s core effectiveness in enhancing
logical reasoning efficiency.



7 Ethic Statements

7.1 Energy Efficiency and Sustainability

Energy Efficiency and Sustainability. The primary
motivation of HiPO is to mitigate the "overthink-
ing" problem in LLMs during complex reasoning,
thereby significantly reducing the generation of re-
dundant tokens. By lowering the computational
load during the inference phase—achieving a to-
ken reduction of approximately 30%—our work
contributes to decreasing the carbon footprint and
environmental impact associated with the large-
scale deployment of reasoning-oriented models.

7.2 Data Sources and Fairness

Data Sources and Fairness. All training data uti-
lized in this study are sourced from publicly avail-
able, high-quality scientific datasets, including AM-
Thinking, AceReason, and others. We strictly ad-
hered to the respective open-source licensing agree-
ments during the data processing stage. Given that
the data primarily focus on the domains of math-
ematics and programming and do not involve per-
sonally identifiable information (PII) or sensitive
social attributes, there is no risk of privacy infringe-
ment or bias against specific demographic groups.

7.3 Disclosure of LLM Assistance

Disclosure of LLM Assistance. The authors in-
dependently conceived and executed all scientific
ideas, algorithmic implementations, and experi-
mental data analyses. Large Language Models
(LLMs) were employed exclusively as auxiliary
tools for language editing and enhancing the clarity
of the manuscript. No experimental data, training
samples, or reported results were generated using
LLMs without rigorous human verification.
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A Appendix

A.1 Use of LLMs

Large language models (LLMs) were used exclu-
sively for language-related assistance, including
editing, formatting, and improving the clarity of
the manuscript; (1) all scientific ideas, experimen-
tal designs, implementations, and analyses were
independently conceived and carried out by the au-
thors; (2) no LLM-generated content was used as
experimental data, training data, or reported results
in this work.

A.2 The decline in Qwen3’s performance on
the test set.

This section reports an empirical performance
degradation of Qwen3 on AIME2024, AIME2025,
HumanEval, and LiveCodeBench under extended
training with AM-DeepSeek-R1-0528-Distilled,
AM-Thinking-v1-Distilled, and OpenThoughts3-
1.2M; as shown in Figure 7, when the number of
training steps reaches 100, the accuracy consis-
tently decreases across all evaluated benchmarks;
unless otherwise specified, the batch size is fixed
at 512 and all remaining hyperparameters follow
the implementation details in the main paper.

A.3 Data Source

Our dataset is constructed from multiple publicly
available reasoning corpora spanning both code
generation and mathematical problem-solving; as
summarized in Table 5, the queries are sourced
from AM-Thinking-v1-Distilled ', II-Thought-
RL 2, AceReason-Math 3, and Skywork-OR1-RL-
Data ; this heterogeneous composition promotes
domain diversity and provides a robust foundation
for model training and evaluation.

A4 Prompt Templates

In this section, we provide the prompt templates
for the response generation and judge analysis gen-
eration.

'https://huggingface.co/datasets/a-m-team/AM-Thinking-
v1-Distilled

“https://huggingface.co/datasets/Intelligent-Internet/I1-
Thought-RL-v0

3https://huggingface.co/datasets/nvidia/AceReason-Math

“https://huggingface.co/datasets/Skywork/Skywork-OR1-
RL-Data
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Response Generation

Please read the following question carefully
and provide a clear answer.

Query

Judge Analysis Generation

You are tasked with analyzing the charac-
teristics of a question to determine why it
**requires** complex reasoning.

Your should **not** attempting to answer
or infer its solution.

You should analyse user’s question to deter-
mine the **core task intention**—that is,
what the user wants the model to do. (e.g.,
write and validate code based on a problem
description, etc.).

Then briefly outline the basic approach to
accomplishing this task (e.g., write SQL
code to retrieve imformation, etc.).

Based on the required approach, assess
the **reasoning complexity**, and indicate
whether it involves multiple steps or deep
analysis. Do not solve the question or pro-
vide an answer. Focus solely on interpreting
the task type, approach, and cognitive de-
mand.

Be concise: your analysis must be no more
than two lines and under 500 characters.
Use clear, natural, and varied language. End
your explanation with a statement indicating
that complex reasoning is required (Think-
on), but express this conclusion with a nat-
ural and diverse phrase, not repeating any
single pattern. The meaning must be clear,
but the expression can vary.

Please analyze the following question as
required above:

Model Response

\

A.5 Discussion on limitations of relative
methods

Re-evaluation of Adaptive Reasoning Methods. We
acknowledge the contributions of prior dynamic in-
ference methods such as AdaCOT, Adapthink, and
AutoThink, which introduced mechanisms for dy-
namic token allocation and early exiting. However,
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Figure 7: The decline in Qwen3’s performance on the AIME2024, AIME2025, HumanEval, LiveCodeBench.

Category Data Source ‘ # Query
Code AM-Thinking-v1-Distilled (Tian et al., 2025) 85k
[I-Thought-RL (Internet, 2025) 20k
AceReason-Math (Chen et al., 2025b) 49k
Math AM-Thinking-v1-Distilled (Tian et al., 2025) 32k
II-Thought-RL (Internet, 2025) 30k
Skywork-OR1-RL-Data (He et al., 2025) 24k

Table 5: Description of data sources.

a critical re-evaluation reveals a shared fundamen-
tal limitation: these approaches rely primarily on
indirect and post-hoc supervision signals. As de-
tailed in Table 6, these methods typically utilize
final task accuracy, generation length, or heuris-
tic confidence scores to guide adaptive behavior.
Consequently, they suffer from a lack of causal
rationale; rather than learning to identify which in-
trinsic properties of a problem necessitate complex
reasoning, the models optimize for proxies (e.g.,
"shorter is better") or rely on decoupled classifiers.
This results in coarse-grained supervision that fails
to distinguish between necessary reasoning steps
and redundant computation.

A.6 Stability Analysis

We conduct supplementary experiments to assess
the stability of HiPO across random seeds and de-
coding temperatures; (1) Experimental setup: we
retrain the model with three random seeds and eval-
uate on five benchmarks (AIME2024, AIME2025,
LiveCodeBench, HumanEval, and MATH-500) un-
der four temperatures (0.2, 0.4, 0.6, 0.8), yielding
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12 independent runs; (2) Performance stability:
across these runs, HiPO achieves an average score
of 83.63 with a standard deviation of 0.201, corre-
sponding to a 95% confidence interval of [83.50,
83.76] (a=0.05), whose lower bound (83.50) re-
mains above the best baseline score (81.75), indi-
cating that the observed gains are statistically sig-
nificant and unlikely to be attributable to random
variation; (3) Generation efficiency: HiPO pro-
duces an average token length of 10402.58 with
a standard deviation of 105.12 and a 95% con-
fidence interval of [10335.78, 10469.38], whose
upper bound (10469.38) is lower than the mini-
mum baseline length (11365), indicating consis-
tently more concise generations while maintaining
superior performance; Table 7 summarizes the re-
sults.

As shown in Table 8, the “shortest response”
strategy achieves the highest Average Accuracy
(83.86) among the compared alternatives while si-
multaneously attaining the lowest average Repeti-
tion Rate (3.08%), alleviating concerns that select-
ing shorter responses inherently induces template-



Method Core Mechanism

Supervision Signal

Fundamental Limitation

AdaCOT Dynamic step adjustment

Final accuracy; Length budget

Coarse-grained Supervision: The model
learns to penalize length broadly (“long is
bad”) rather than identifying specific redun-
dant steps.

Adapthink Multi-round “rethinking”  Final accuracy

Rigid Adaptation: Adaptation is confined
to a fixed “retry” paradigm that lacks a true
assessment of intrinsic problem difficulty.

AutoThink Classifier-based gating

Classifier accuracy

Decoupled Learning: The gating module is
trained separately, leading to a misalignment
between gating decisions and the model’s ac-
tual reasoning capabilities.

Table 6: Analysis of Limitations in Prior Adaptive Reasoning Methods. Existing approaches primarily rely
on indirect supervision signals (e.g., length penalties or final accuracy), failing to establish a causal link between

problem difficulty and reasoning expenditure.

Seed ‘ Average Accuracy (%) Average Token Length

| 02 04 06 08 | 02 04 06 08
Seed 1 | 83.74 83.78 83.86 83.61 | 10423 10521 10237 10543
Seed 2 | 83.65 83.33 83.57 83.46 | 10617 10452 10421 10276
Seed 3 | 83.95 8394 83.81 83.83 | 10340 10356 10344 10301

Table 7: Stability analysis of HiPO across different seeds and temperatures.

like artifacts; furthermore, its Truncation Rate is
also among the lowest, suggesting improved com-
pleteness; taken together, these results indicate that
the proposed filtering strategy preferentially retains
more concise and less redundant reasoning trajec-
tories, rather than promoting overfitting to a partic-
ular response style.

A.7 Ablation study on mode-explanation
supervision

We introduce mode-explanation supervision to pro-
vide an explicit training signal for the gating mech-
anism beyond final-answer supervision, with the
goal of improving both interpretability and mode
selection quality; (1) this supervision encourages
the model to articulate whether a given problem
requires “Think-on” reasoning, rather than learn-
ing the gating policy solely from task outcomes;
(2) to evaluate its effect, we ablate this component
and report results on five benchmarks (AIME2024,
AIME2025, LiveCodeBench, HumanEval, and
MATH-500) in Table 9.

The results indicate that mode-explanation su-
pervision substantially affects both accuracy and
efficiency: (1) removing this supervision reduces
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the average accuracy from 80.23 to 70.67 (a drop
of 9.56 points), suggesting that accurate mode se-
lection is important for overall task performance;
(2) the Think-on Ratio increases from 0.64 to 0.80
without supervision, implying a reduced ability
to discriminate difficulty and a tendency to over-
activate the computationally expensive Think-on
mode even when it may be unnecessary; (3) cor-
respondingly, the average token length increases
from 9,814 to 14,645 (a 49.2% increase), demon-
strating a marked loss in generation efficiency,
and together these observations support that mode-
explanation supervision is a critical component for
learning an effective gating policy that balances
performance and computational cost.

A.8 Analysis of Generalization of HiPO on
long-context, tool-use, and general science
tasks

We further evaluate the generalization of HiPO on
long-context, tool-use, and general science tasks;
(1) on GPQA-Diamond, HiPO achieves 60.1 com-
pared to 59.6 for Qwen3-8B (Thinking) while re-
ducing the average token length to 9,367 and the
Think-on Ratio to 0.92, indicating improved ef-



AIME2024 | LiveCodeBench |  HumanEval || Average
Filtering Strategy ‘ Acc  Rep. Trunc. ‘ Acc  Rep. Trunc. ‘ Acc Rep. Trunc. H Acc  Rep. Trunc.
Shortest response (Ours) | 87.5 2.08 229 [63.0 392 414 |92 3.16 320 | 80.23 305 321
Longest response 81.7 1521 1646 | 558 18.76 19.82 | 85.6 17.34 18.18 | 7437 17.10 18.15
Non-Filtering 842 1354 1479 | 589 1689 17.94 | 878 1601 17.04 || 7697 1548 1659
Filter overlong samples | 80.8  8.54 9.7 | 562 1123 1205 | 848 1094 1178 | 73.93 1024 11.00
GPT-4o score selection | 850 583 646 | 603 812 903 |85 755 850 |[7793 7.7  8.00

Table 8: Ablation study on different data filtering strategies. Rep.: Repetition Rate (%), Trunc.:

Truncation Rate

(%).
| AIME2024 |  LiveCodeBench | HumanEval l Average
Method ‘ Acc Length Ratioy ‘ Acc Length Ratior ‘ Acc Length Ratior H Acc Length Ratiop
HiPO | 87.5 15107 098 |63.0 13558 0.82 |902 776 0.2 | 8023 9814  0.64
wlo Explanation Supervision | 783 21956 099 | 512 19823 094 |825 2156 048 | 70.67 14645  0.80

Table 9: Ablation study on mode-explanation supervision.

Benchmark Model ‘ Score ‘ Token Length ‘ Ratio (%)
-8B (Thinki 4. 7,67 1
LongBench (Long-Context) Qwen3 8 (Thinking) | 34.3 670 00
HiPO-8B 355 6,496 79
BFCL-V3 (Tool-Augmented) Qwen3—$B (Thinking) | 13.9 6,196 100
HiPO-8B 164 4,789 33
3-8B (Thinki 59.6 10,925 100
GPQA-Diamond (General Science) Qwen HiPO(—SBm ing) 60.1 9,367 9

Table 10: Generalization of HiPO on long-context, tool-use, and general science tasks.

ficiency without sacrificing general-domain rea-
soning performance; (2) following this, we extend
evaluation to LongBench and BFCL-V3, as sum-
marized in Table 10; (3) across these benchmarks,
HiPO matches or exceeds the baseline while reduc-
ing token length (e.g., 6,496 vs. 7,670 on Long-
Bench) and substantially lowering Think-on usage
on tool-augmented queries (33% on BFCL-V3),
suggesting that HiPO can allocate additional rea-
soning selectively rather than uniformly applying
Think-on to all inputs.

“judge noise”’, we simulate label noise by randomly
shuffling 5%-30% of the mode-explanation labels,
retrain the model under each noise level, and evalu-
ate the resulting performance.

The results in Table 11 support two conclusions:
(1) supervision quality matters, as increasing noise
produces a monotonic degradation in Average Ac-
curacy accompanied by higher Think-on usage and
longer generations, consistent with a less confident
gating policy; (2) the method exhibits robustness
in that performance degrades gradually rather than
exhibiting abrupt failure even under 10%—-20% cor-
ruption, suggesting that the learned policy remains
stable under moderate supervision noise albeit with
reduced efficiency; overall, these findings highlight
both the importance of clean mode-explanations
and the resilience of HiPO to imperfect supervi-
sion.

A.9 Robustness analysis of HiPO under
varying levels of supervision noise

Noisy “mode-explanation” supervision could po-
tentially misguide policy learning and compromise
reliability; (1) we use DeepSeek-V3 as the judge
model due to its strong instruction-following behav-
ior and coherent rationale generation, and for the
constrained task of judging whether complex rea-
soning is required, we expect its explanations to be
sufficiently consistent for supervision; (2) neverthe-
less, to quantitatively assess sensitivity to potential

A.10 Effect of scale of the cold-start data.

The SFT cold-start stage is a prerequisite for stable
Reinforcement Learning (RL), as it initializes the
policy within a semantically sound search space to

15



AIME2024 | LiveCodeBench | HumanEval | Average

Noise Ratio ‘ Acc Length Ratioy ‘ Acc Length Ratiop ‘ Acc Length Ratioy H Acc Length Ratioy
0% | 875 15107 098 |63.0 13558 082 | 902 776 0.12 | 8023 9814 0.64
5% 858 16823 099 | 605 15234 086 | 88.6 1056 021 || 7830 11038  0.69
10% 833 18456 099 |57.8 16892 090 | 862 1423 0.32 || 7577 12257  0.74
20% 80.0 19823  0.99 | 542 18045 093 | 835 1856 041 || 72.57 13241  0.78
30% 794 20567 099 | 52.8 18934 095 | 832 2134 046 | 71.80 13878  0.80

Table 11: Robustness analysis of HiPO under varying levels of supervision noise.

‘ AIME2024 ‘ LiveCodeBench HumanEval ‘ ‘ Average
Cold-Start Scale ‘ Acc Length Ratioy ‘ Acc Length Ratioy ‘ Acc Length Ratioy H Acc Length Ratioy
100 79.6 19856 0.99 | 56.6 18234 096 | 84.1 1256 0.45 7343 13115 0.80
1K 81.3 18542 099 | 57.5 17456 093 | 854 1089 0.38 74.73 12362 0.77
10K 82.1 17823 098 | 579 16223 093 | 859 984 0.31 75.30 11677 0.74
100K 86.3 16045 098 | 61.5 14256 0.86 | 89.0 823 0.18 78.93 10375 0.67
Ours (196K) | 87.5 15107 098 |63.0 13558  0.82 |90.2 776 0.12 | 8023 9814 0.64

Table 12: Effect of cold-start data scale on HiPO performance.

mitigate the intractability of sparse rewards. Our
“dose-response” analysis (Table 12) demonstrates
that scaling SFT data from 100 to 100K samples
is vital for preventing policy collapse and improv-
ing both accuracy and inference efficiency. Fur-
thermore, extensive cold-start training refines the
“Think-on” gating mechanism, transitioning the
model from erratic computation to precise, task-
adaptive mode selection. Ultimately, this stage
ensures reliable RL convergence and sophisticated
behavioral alignment.
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