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Abstract

Current large-language models (LLMs) typi-
cally adopt a fixed reasoning strategy, either
simple or complex, regardless of reasoning
complexity. This neglect of variation in task
and reasoning process complexity leads to
an imbalance between performance and effi-
ciency. Existing methods attempt to implement
training-free fast-slow thinking system switch-
ing to handle problems of varying difficulty,
but are limited by coarse-grained solution-
level strategy adjustments. To address this is-
sue, we propose a novel reasoning paradigm:
Process-Level Adaptive Thinking Mode Switch-
ing (PATS), which enables LLMs to dynam-
ically adjust their thinking mode based on
the difficulty of each reasoning step, optimiz-
ing the balance between accuracy and compu-
tational efficiency. Our approach integrates
Process Reward Models (PRMs) with Beam
Search, incorporating progressive mode switch-
ing and bad-step penalty mechanisms based on
thresholds derived from a data-driven method-
ology. Experiments on diverse mathematical
and non-mathematical benchmarks across vari-
ous model families and scales, with PRMs of
varying quality demonstrate that our methodol-
ogy achieves high accuracy while maintaining
moderate token usage. This study emphasizes
the significance of process-level, difficulty-
aware thinking mode adaptation, offering in-
sights into efficient inference for LLMs.

1 Introduction

In recent years, large language models (LLMs)
have progressed from simple direct answering to
more sophisticated reasoning paradigms, such as
Chain-of-Thought prompting (Wei et al., 2022) and
reflection-based methods inspired by o1-like sys-
tems (Jaech et al., 2024; Guo et al., 2025), leading
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NJUNLP/PATS.

to improved performance on complex reasoning
tasks. More sophisticated reasoning paradigms are
better suited for solving harder problems. In prac-
tice, question difficulty varies, yet current models
typically adopt a fixed reasoning strategy regard-
less of difficulty, leading to an imbalance between
performance and computational efficiency.

Beyond the variation in difficulty across tasks,
the reasoning steps within the same task also vary
in difficulty. For example, even complex problems
contain simple parts. Research has shown that in
mathematical reasoning, sub-steps requiring inten-
sive computation pose the primary challenge for
limited-scale supervised fine-tuned models (Sun
et al., 2025). Similarly, in reasoning tasks such
as maze navigation, subproblems with varying lev-
els of difficulty exist (Saha et al., 2024). These
findings indicate that the difficulty in the reason-
ing process changes dynamically, necessitating the
dynamic allocation of more resources to harder sub-
steps and adaptive adjustment of the reasoning strat-
egy accordingly. Fixed strategies fail to account for
variations in problem and process difficulty, high-
lighting the necessity of adaptive adjustments to
balance both accuracy and efficiency.

Prior work has attempted to switch thinking
modes at the solution level (Yao et al., 2024), while
adaptive switching at the finer-grained step level
remains largely unexplored.

To address these limitations, we propose Process-
Level Adaptive Thinking Mode Switching (PATS),
a novel reasoning paradigm that dynamically se-
lects appropriate thinking mode at each reason-
ing step based on its difficulty, achieving a strong
balance between accuracy and efficiency. Our ap-
proach is built on the following main designs: (1)
thinking modes are categorized based on the num-
ber of candidates generated at each step in Beam
Search; (2) the difficulty of each step is assessed
using the PRM score for the top candidate, and the
thinking mode is adjusted accordingly; (3) mech-
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anisms such as progressive switching, rapid error
recovery, and appropriate rollback for bad steps
are incorporated. Compared to previous work, we
perform finer-grained and more effective mode ad-
justments at the process-step level.

We conduct experiments across policy models
of diverse families and scales, with PRMs of vary-
ing quality, evaluating on multiple math reason-
ing benchmarks with varying difficulty levels and
multiple non-mathematical domains. Experiments
demonstrate that our approach consistently main-
tains high accuracy with moderate token usage,
achieving a strong balance between performance
and efficiency. Furthermore, analysis of the per-
formance of different thinking modes used at the
first reasoning step and the distribution of thinking
modes across tasks of varying complexity further
enhances our understanding of how thinking modes
can be aligned with task difficulty.

Our main contributions are as follows:
• We propose a novel reasoning paradigm that

adaptively switches between thinking modes
based on the difficulty of each reasoning step,
enabling real-time, step-level strategy adjust-
ment.

• Our approach achieves a strong balance be-
tween performance and efficiency, consis-
tently delivering high accuracy with moderate
token usage, and providing insights into effi-
cient reasoning with LLMs.

• We conduct comprehensive experiments to
validate and analyze our paradigm, demon-
strating its robust generalization across di-
verse model families and scales, with PRMs
of varying quality, and on both mathematical
and non-mathematical domains.

2 Related Work

2.1 System Switching

Inspired by the dual-process theory (Wason and
Evans, 1974; Kahneman, 2011), humans can flexi-
bly switch between fast (System 1) and slow (Sys-
tem 2) thinking. Prior work has explored mech-
anisms for switching between System 1 and Sys-
tem 2 in LLMs, broadly categorized into training-
based (Lou et al., 2025; Su et al., 2024; Saha et al.,
2024; Cheng et al., 2025) and training-free meth-
ods (Yao et al., 2024). In this work, we focus on
training-free approaches. HDFLOW (Yao et al.,
2024) fixedly employs System 1 to generate an ini-
tial solution, and if the solution fails evaluation,

the more complex System 2 is then activated to re-
consider the problem. Deciding whether to switch
thinking modes only after obtaining a complete
solution is overly coarse: it misaligns with the
current context of stepwise reasoning for complex
problems and lacks adaptability to variations in the
difficulty of the reasoning process. Although PATS
is mainly compared with training-free methods, to
better highlight the practical value of PATS, we
also compare PATS with training-based methods in
Appendix A.9.

2.2 Test-time Scaling
Test-time scaling improves performance by in-
creasing inference-time computation (Jaech et al.,
2024). A representative approach is step-level
beam search (Snell et al., 2024), a PRM-guided
method (Wang et al., 2023; Zhang et al., 2025a; She
et al., 2025) that leverages step-level correctness
estimation (Uesato et al., 2022; Lightman et al.,
2023; Li et al., 2025).

2.3 Reasoning Process
Studies show that some steps in hard-level prob-
lems are computation-intensive, posing challenges
for models with limited-scale SFT (Sun et al.,
2025). In tasks like maze navigation, subproblems
vary in difficulty and require adaptive allocation of
computational resources (Saha et al., 2024). These
indicate that reasoning difficulty changes dynam-
ically throughout the reasoning process, and thus
the reasoning strategy should adapt accordingly.
Unlike concurrent works on step-level adaptive
reasoning—DREAM (Cui et al., 2025), which allo-
cates budgets across different phases within a sin-
gle step, and SAT (Huang et al., 2026), which softly
modulates per-step reasoning depth relying on the
model’s instruction-following ability—PATS deter-
ministically switches thinking modes across steps
of varying difficulty by explicitly controlling the
beam width, without training any component.

3 Method

This section introduces the PATS pipeline (Fig-
ure 1) and its key components.

3.1 Preliminary Study
PRM-guided beam search is a representative test-
time scaling method (Snell et al., 2024). It scores
candidate steps generated by the policy model at
each step and selects the top-k candidates with the
highest scores for the next iteration. This paper
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Figure 1: Illustration of our PATS paradigm. For math reasoning tasks, the model performs PRM-guided beam
search, where the number of candidate steps (2/4/8) serves as a proxy for thinking mode complexity. At each step,
the policy model selects the top-scoring candidate, infers reasoning difficulty, and dynamically switches to the
corresponding mode.

focuses on the best-first search (BFS) scenario with
K = 1 as the reasoning context (Wang et al., 2025).

Given a problem q, the policy model performs
step-by-step reasoning, generating a solution path
S = {s1, s2, ..., sn}, where sn denotes the n-th
reasoning step. BFS consists of two iterative oper-
ations: expansion and selection.

In the expansion stage of step i, the model gen-
erates w candidate steps:

Ci = {ci,1, ci,2, ..., ci,w} (1)

Here, Ci denotes all candidate steps at step i, w
is a hyperparameter controlling search width, and
ci,j is the j-th candidate step at step i.

In the selection phase of step i, BFS chooses
the candidate step with the highest PRM score v(·)
from Ci as the final selected step si , proceeding to
the next iteration:

si = argmax
c∈Ci

v(c) (2)

This iteration continues until the final answer is gen-
erated. Through iterative expansion and optimal
selection, BFS efficiently attains a final solution.

PRM-guided beam search uses a fixed width w
at every step. Prior studies (Wang et al., 2025)
show that increasing w improves performance but
significantly raises computational cost. This trade-
off, where increased computational cost leads to

improved performance, resembles a model adopt-
ing more complex reasoning modes to solve more
challenging problems by expending additional com-
putational resources. Building on this foundation,
we use PRM-guided beam search framework to
simulate problem-solving scenarios across a range
of complexity levels.

3.2 Process-Level Adaptive Thinking Mode
Switching

As discussed in §3.1, a larger search width w re-
sults in higher accuracy but greater computation.
Current PRM-guided beam search typically em-
ploys a predefined, fixed w at each step, implying
an unchanged reasoning strategy throughout the
inference process. Therefore, at each step, a larger
search width w can be considered to represent a
more complex thinking mode.

Let wi denote the number of candidates gener-
ated at step i, and modei represent the reasoning
mode employed at that step. We define the rea-
soning strategy at step i based on the number of
candidates wi as follows:

• Simple Thinking Mode: modei = simple,
corresponding to wi = 2

• Medium Thinking Mode: modei =
medium, corresponding to wi = 4
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• Complex Thinking Mode: modei =
complex, corresponding to wi = 8

Considering that mathematical reasoning is char-
acterized by step-by-step execution and generaliz-
ability, we choose it as our primary task. While
focused on the mathematical domain, we also inves-
tigate the generalizability of PATS to diverse non-
mathematical fields. The proposed PATS frame-
work works as follows:

The policy model performs step-by-step rea-
soning under PRM-guided beam search, selecting
the candidate step with the highest PRM score
at each step. Based on this score, the model as-
sesses the current reasoning difficulty and adap-
tively switches to an appropriate thinking mode.
By default, the model starts reasoning in complex
mode (mode1 = complex).

Remark. PATS is a pioneering exploratory work
in the field of process-level thinking-mode switch-
ing, for which the dual-process theory serves as mo-
tivation rather than a literal implementation: PATS
uses beam width as a proxy for thinking mode,
thus performing adaptive beam-width scheduling
rather than switching between fundamentally dif-
ferent reasoning strategies. At this initial explo-
ration stage, beam width is a simple, direct, and
controllable variable for changing the single-step
reasoning intensity, allowing us to directly control
the single-step thinking mode by controlling the
beam width. This setup is highly suitable for pre-
liminarily studying the performance of step-level
mode switching, helping us observe its behavior
and obtain useful insights, providing valuable em-
pirical experience and foundations for extending
this paradigm to more complex scenarios in the
future.

3.3 Thinking Mode Switching Mechanism
The core of PATS is to dynamically adjust the think-
ing mode based on the reasoning difficulty of the
current state. As the reasoning state becomes more
difficult, a correspondingly more complex reason-
ing mode is required. A higher PRM score for
the current step indicates better reasoning quality,
suggesting that the model is in a more favorable
reasoning state and is more likely to be on the cor-
rect reasoning path (Wang et al., 2023). Studies use
PRM score of the final answer to evaluate problem
difficulty (Snell et al., 2024), with higher scores
indicating easier problems for the model. Addi-
tionally, inspired by reward signal can guide re-

source allocation (Sun et al., 2024), Fu et al. (2024)
collect the terminal reward scores from each rea-
soning path and aggregate them, where a higher
aggregated reward indicates that less computational
resources need to be allocated.

Thus, the PRM score can act as an indicator of
current reasoning difficulty. We hypothesize that
a higher PRM score at the current step indicates a
lower reasoning difficulty for that step, allowing for
the allocation of fewer computational resources and
the adoption of simpler thinking modes. In struc-
tured reasoning tasks like mathematics, reasoning
steps are not independent events. There is strong
logical and semantic continuity and correlation be-
tween adjacent steps. Since the next reasoning step
is conditioned on the current state, a low score at
the current step indicates higher downstream risk
and suggests that stronger inference should be used
in the next step. Similarly, if the current step is
easy to reason, suggesting that the next step is also
more likely to be easy and thus allows switching to
a simpler mode.

After selecting the final step si at step i, we use
v(si), the PRM score of the chosen step, to esti-
mate the current reasoning difficulty and adapt the
reasoning strategy for the subsequent step accord-
ingly.

• If v(si) ≥ valuegood, the reasoning state
is considered favorable, and the thinking
mode should switch to a simpler one. In-
spired by the approach of employing pro-
gressively shorter reasoning trajectories dur-
ing training (Ma et al., 2025), we imple-
ment a smooth mode transition when the
reasoning state is favorable. Specifically,
if the current step i is in complex thinking
mode (modei = complex), the next step be-
comes medium thinking mode (modei+1 =
medium). Similarly, if modei = medium,
then modei+1 = simple; if modei =
simple, then modei+1 = simple.

• If v(si) < valuelow, the reasoning state is con-
sidered unfavorable, and the thinking mode
should switch to the most complex setting to
mitigate potential error accumulation. This
means that, regardless of the current mode
modei, the reasoning mode for the next step
is set to modei+1 = complex.

• If v(si) does not satisfy the threshold condi-
tions for mode switching, the current think-
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ing mode is retained for the next step; that is,
modei+1 = modei.

In addition to adapting the reasoning strategy
for the subsequent step, this mechanism includes
immediate strategy adjustments for critically poor
steps. If v(si) falls significantly below valuelow,
it suggests a severe error at the current step, and
delaying correction until the next step may be too
late to prevent further reasoning failure. Thus, we
define a critical threshold valuebad. If v(si) <
valuebad, we penalize the current step by restart-
ing step i in complex mode (regenerating wi = 8
candidates). To avoid infinite loops on unresolvable
steps, each step is penalized at most once.

3.4 Thresholds Selection

To ensure our mode-switching thresholds are prin-
cipled and generalizable, we derive them using a
data-driven methodology based on the PRM score
distribution, rather than by arbitrary selection. Our
method is as follows:

Data Collection. We first create a large pool of
reasoning step scores by running all PRMs on a
10% random sample of the training-set data. These
steps are then categorized into “correct-trajectory
steps” and “error-trajectory steps” based on the
final answer’s correctness.

Principled Threshold Selection. We then ana-
lyze the score distributions of these two groups to
set our thresholds. Our goal is to identify statis-
tical markers that robustly differentiate between
confident, problematic, and erroneous steps:

• valuegood = 0.85: This captures most high-
quality steps while filtering out “false high-
score” steps from error paths. The distribution
of correct-trajectory scores shows a strong
concentration at very high values. Our choice
corresponds to the 15th percentile of scores
from the correct-trajectory steps.

• valuelow = 0.75: This threshold is used to
identify steps that may be problematic. The
scores of the error trajectories are more spread
out. Our choice corresponds to the 35th
percentile of scores from the error-trajectory
steps.

• valuebad = 0.40: This threshold is designed
to capture clear, low-scoring errors. Our
choice corresponds to the 10th percentile of
scores from the error-trajectory steps.

This statistical approach provides clear guidance
for applying PATS to new settings.

4 Experiment

4.1 Experimental Setup

Datasets. We evaluate on widely used math-
ematical reasoning benchmarks, including
GSM8k (Cobbe et al., 2021), MATH500 (Light-
man et al., 2023), Minerva Math (Lewkowycz
et al., 2022), AIME24 (AI-MO, 2024a), and
AMC23 (AI-MO, 2024b), which collectively
span elementary, intermediate, and advanced
levels of mathematical reasoning. Additionally,
we employ MMLU-Pro-CoT-Eval (Zeng et al.,
2025), a multi-domain evaluation dataset, to assess
generalizability across diverse non-mathematical
fields.

Policy Models. To demonstrate broad general-
izability, our experiments utilize models from di-
verse families, including the Qwen2.5 series (Yang
et al., 2024a) and Llama3 (Dubey et al., 2024).
We specifically test on models of varying scales
(1.5B, 3B, 7B, and 14B) to evaluate scaling prop-
erties. Unless otherwise specified, our primary
experiments are conducted using the Qwen2.5-7B-
Instruct.

Process Reward Models. To ensure PATS’s ro-
bustness across domains and quality levels, we uti-
lize both math-specific and multi-domain PRMs.
For mathematical tasks, we select three mod-
els representing distinct quality levels based on
their ProcessBench scores (Zhang et al., 2025b):
Math-Shepherd (Wang et al., 2023) (weak, 31.5),
Qwen2.5-Math-7B-PRM800K (Zheng et al.,
2024) (medium, 56.5), and Qwen2.5-Math-
PRM-7B (Yang et al., 2024b) (strong, 73.5).
For non-mathematical domains, we employ Ver-
saPRM (Zeng et al., 2025), a specialized multi-
domain PRM. Unless otherwise specified, the main
results are reported using Qwen2.5-Math-PRM-
7B.

Evaluation Metrics. We evaluate model perfor-
mance along two dimensions: accuracy and effi-
ciency. For accuracy, we report the mean answer
correctness. For efficiency, we follow (Kang et al.,
2024; Wang et al., 2024) and compute the aver-
age number of generated output tokens, which is
a widely adopted, robust, and representative proxy
for computational efficiency. The overhead of PRM
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scoring is much smaller than the token-generation
cost of the policy model and is thus not incorpo-
rated into the main efficiency metric. For reference,
the corresponding PRM-call statistics are provided
in Appendix A.8.

Hyperparameters and Thresholds. We set the
temperature to 0.6 to balance candidate step diver-
sity and generation quality (Zhang et al., 2024).
We set reward thresholds as follows: valuegood =
0.85, valuelow = 0.75, and valuebad = 0.4. The
thresholds are derived from a principled, data-
driven methodology based on the PRM score dis-
tribution, as detailed in §3.4.

The random seed for the main experiments is
set to 42, and results of four random-seed runs are
provided in Appendix A.7.

4.2 Baselines
The core of PATS is to adaptively adjust the think-
ing mode based on reasoning difficulty during the
process. Therefore, the primary goal of our experi-
ments is to compare our adaptive strategy against
strategies that employ a fixed thinking mode dur-
ing the process. This work differentiates thinking
modes by the expansion width at each step of the
Beam Search.

To assess the effectiveness of our adaptive ap-
proach, we selected the following baselines:

• All-simple: It uses a fixed simple mode at
every step, generating two candidate steps
per iteration. Formally, this corresponds to
mode1 = mode2 = . . . = moden =
simple, resembling direct-answer-style infer-
ence and suitable for relatively simple prob-
lems.

• All-medium: It follows the same structure as
All-simple, but adopts a fixed medium mode
at each step, generating four candidate steps
per iteration. This reflects typical chain-of-
thought reasoning, suited for intermediate
problems.

• All-complex: It continues this fixed pattern
by using the complex mode throughout, with
eight candidate steps per iteration. This re-
flects o1-style slow thinking and is better
suited for more challenging problems.

• Random-mode Switch: It begins with the
complex thinking mode and, at each subse-
quent step, randomly selects one of the three

modes (simple, medium, or complex) with
equal probability.

• Solution-verification Switch: It first gener-
ates a complete solution using All-simple and
uses the PRM score at the final step as the
solution-level score, following (Snell et al.,
2024). If the score is greater than or equal
to the threshold valuelow, the solution is ac-
cepted; otherwise, we retry using All-medium.
If this fails again, we switch to All-complex for
final reasoning and answer generation. This
approach simulates coarse-grained solution-
level switching: fast reasoning is first used
to generate a complete solution, and more
complex strategies are applied only if it fails
verification. This baseline serves as our imple-
mentation of the core HDFLOW idea within
our experimental framework.

5 Results

5.1 Main Results
We report the performance of PATS and baselines
in Table 1, comparing their performance in terms of
average accuracy and average output token count.
Our findings are as follows:

PATS achieves both high accuracy and effi-
ciency. Across tasks of varying difficulty, PATS
achieves an average accuracy close to that of the
All-complex setting (only 0.3 points lower), while
using just 55.4% of its output tokens. Furthermore,
a McNemar’s test (McNemar, 1947) on the aggre-
gated results of all 2161 problems confirms that
there is no statistically significant difference in ac-
curacy between PATS and All-complex (p = 0.54),
reinforcing their comparable performance. Com-
pared to All-medium, it achieves nearly 3 points
higher accuracy with comparable token usage. Rel-
ative to All-simple, it yields a substantial 5.8-point
improvement in accuracy. We note that PATS
outperforms All-complex on AIME24, an effect
we attribute to our one-time penalty mechanism,
which helps correct severe procedural errors (see
Appendix A.1 for the full analysis and robustness
check). These results demonstrate that PATS main-
tains high average accuracy while achieving low
token usage.

PATS achieves a superior performance-cost
balance. The results in Table 1 show that PATS
achieves a better balance between accuracy and
efficiency. To further investigate the performance-
cost dynamics, we evaluate the average accuracy
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Setting GSM8K MATH500 AMC23 MinervaMATH AIME24 Average

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓
All-simple 93.8 564.8 76.2 1154.3 52.5 1742.5 38.2 1234.3 16.7 2075.7 55.5 1354.3
All-medium 94.4 1001.0 80.2 2204.2 57.5 3337.3 43.0 2431.6 16.7 4113.3 58.4 2617.5
All-complex 94.9 1774.9 81.0 4068.9 67.5 6231.6 44.5 4571.9 20.0 8705.6 61.6 5070.6
Solution-verification Switch 94.5 596.3 79.6 2110.8 55.0 4318.6 38.6 1466.7 16.7 6621.1 56.9 3022.7
Random-mode Switch 94.3 1214.7 79.0 2838.1 52.5 4858.9 43.0 2996.2 13.3 6330.0 56.4 3647.6
★ PATS (Ours) 94.8 855.8 80.6 2067.7 65.0 3365.7 43.0 1929.9 23.3 5821.0 61.3 2808.0

Table 1: Comparison of average accuracy and token usage on five math reasoning benchmarks. Based on the average
metrics, our method PATS achieves effective and efficient reasoning with an excellent accuracy-efficiency balance.

Figure 2: Average accuracy comparison across various
token budgets, illustrating the superior Pareto frontier
of PATS.

under controlled token budgets across different in-
ference settings, as illustrated in Figure 2. The
results show that PATS forms a superior Pareto
frontier; its curve consistently lies in the top-left
corner, reaching 61.3% accuracy with only 7,500
tokens, which represents a ∼30% compute cost re-
duction compared to All-complex. This highlights
the high resource efficiency of our process-level
switching.

PATS outperforms coarse-grained switch-
ing. As shown in Table 1, PATS surpasses
Solution-verification Switch by 4.4 points in av-
erage accuracy while using about 7% fewer tokens.
These results demonstrate that our fine-grained,
process-level thinking mode adjustment outper-
forms coarse-grained, solution-level switching, un-
derscoring the importance of timely strategy adap-
tation throughout the reasoning process. Delaying
the switch until a complete solution is generated
fails to adapt to the varying difficulty of the reason-
ing process.

PATS’s pipeline is rational and effective.
PATS not only outperforms the Random-mode
Switch by 4.9 points in average accuracy, but also
reduces average token consumption by 23%, as

shown in Table 1. Under the same process-level
switching framework, PATS significantly outper-
forms random switching across all dimensions. No-
tably, random switching yields performance com-
parable to coarse-grained solution-level switching,
suggesting that random mode integration alone
fails to fully exploit the advantages of process-level
adaptability. This underscores the rationality and
effectiveness of our pipeline’s switching strategy
design.

In summary, PATS dynamically adjusts think-
ing modes based on step-wise difficulty, achiev-
ing an excellent accuracy-efficiency balance while
enabling effective and efficient reasoning. These
results also empirically validate the reasonable
assumption underlying our switching mechanism
(§3.3): the PRM score of the current step serves as
a reliable signal for adjusting the reasoning strength
of the next step.

5.2 Analysis and Generalization Experiments

This subsection further analyzes PATS and con-
ducts experiments on its generalization capabili-
ties.

Influence of Task Difficulty. We investigate how
task difficulty affects both the optimal initial think-
ing mode and reasoning behavior. Our analysis
reveals that harder tasks benefit more from com-
plex initialization and exhibit a higher proportion
of complex modes during the mid-to-late reasoning
stages, reflecting the need for greater reasoning ef-
fort. Easier tasks, in contrast, favor simpler modes.
Detailed results and process distributions are pro-
vided in Appendix B.

Necessity and Moderation of Penalty on Bad
Steps. In PATS, steps below a threshold valuebad
trigger a one-time penalty (rethinking in complex
mode). Table 9 (in Appendix A.2) compares PATS
against No Penalty and Infinite Penalty strategies.
PATS strikes the best balance, achieving the highest
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Setting Math-Shepherd Qwen2.5-Math-7B-
PRM800K

Avg.
Acc ↑

Avg.
Token ↓

Avg.
Acc ↑

Avg.
Token ↓

All-simple 53.5 1286.8 55.4 1356.5
All-medium 54.1 2270.8 56.3 2743.4
All-complex 54.5 4167.8 58.3 5275.9
★ PATS (Ours) 55.5 2732.1 57.5 2418.0

Table 2: Generalization of PATS across PRMs with
varying quality, while keeping the policy model fixed as
Qwen2.5-7B-Instruct.

accuracy while maintaining significantly lower to-
ken usage than Infinite Penalty. This demonstrates
the importance of penalizing suboptimal steps to
prevent delayed correction, while underscoring the
need for moderation to avoid unnecessary token
consumption on unresolvable steps.

Generalization Across Diverse Model Families
and Scales. The complete results for policy mod-
els of varying scales and families are provided in
Appendix A.3. As Table 10 clearly shows, PATS
maintains its excellent accuracy-efficiency balance
across different model families and scales effec-
tively to larger models. These findings strongly
support that our proposed adaptive paradigm scales
effectively and is not limited to a specific model
architecture.

Generalization Across PRMs of varying quality.
To ensure PATS’s robustness to PRMs of varying
quality, we evaluate it on three PRMs with large
performance gaps on the ProcessBench benchmark:
Strong (Qwen2.5-Math-PRM-7B, score: 73.5),
Medium (Qwen2.5-Math-7B-PRM800K, score:
56.5), and Weak (Math-Shepherd, score: 31.5).
As shown in Table 1 and Table 2, PATS consis-
tently maintains an excellent accuracy-efficiency
balance across all three PRMs, proving its effective-
ness even with noisy or weaker PRMs. Complete
results are provided in Appendix A.3.

Comparison with Other Test-Time Compute
Methods. To assess PATS against alternative
test-time compute scaling methods, we evaluate
its performance against Monte Carlo Tree Search
(MCTS) and the Best-of-N baseline. Conventional
Tree of Thoughts (ToT) approaches, such as MCTS,
predominantly focus on improving search accu-
racy while often overlooking computational effi-
ciency (Ding et al., 2025). To compare against
such tree search methods, we evaluate accuracy on

GSM8K and MATH500 using the Qwen-2.5-7B-
Instruct model, with MCTS results derived from
Ding et al. (2025). As shown in Table 3, PATS
consistently outperforms MCTS by a clear margin,
demonstrating that its adaptive strategy is more
effective than conventional tree search. Further-
more, we evaluate the Best-of-N baseline, where
the solution score is calculated as the product of
all step-level PRM scores. As presented in Table 4,
PATS continues to maintain high accuracy with
moderate token consumption, achieving a superior
accuracy-efficiency balance.

Setting GSM8K MATH500 Average

MCTS 89.6 75.2 82.4
PATS (Ours) 94.8 80.6 87.7

Table 3: Accuracy comparison between MCTS and
PATS.

Setting Avg. Acc ↑ Avg. Token ↓
Best-of-2 58.5 1459.2
Best-of-4 60.5 2921.2
Best-of-8 62.1 5830.4
PATS (Ours) 61.3 2808.0

Table 4: Performance comparison between PATS and
Best-of-N baselines.

Comparison with Other Inference Scaling Meth-
ods. To evaluate the efficacy of PATS, we com-
pare it against recent training-free test-time com-
pute methods, REBASE (Wu et al., 2025) and
AB-MCTS (Inoue et al., 2025). Unlike REBASE,
which employs a globally fixed strategy determined
prior to execution, and AB-MCTS, which relies
on multi-turn tree expansion overhead, PATS in-
troduces fine-grained, step-level adaptive switch-
ing driven by process difficulty. As summarized
in Table 5, PATS establishes a superior accuracy-
efficiency balance, achieving the highest average
accuracy of 61.3% while reducing token consump-
tion by over 50% compared to both baselines. De-
tailed dataset-by-dataset breakdowns are provided
in Table 13 of Appendix A.6.

Generalization Across Diverse Domains. To in-
vestigate generalizability beyond math, we sam-
pled and evaluated questions across 13 diverse
non-math domains (e.g., Law, History, Psychology)
from the multi-domain evaluation dataset: MMLU-
Pro-CoT-Eval. Sampling details are provided in
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Setting Avg. Acc ↑ Avg. Token ↓
REBASE 59.3 5926.2
AB-MCTS 57.8 5647.8
PATS (Ours) 61.3 2808.0

Table 5: Average performance comparison against other
inference scaling methods.

Setting Avg. Acc ↑ Avg. Token ↓
All-simple 56.0 1148.5
All-medium 58.3 2364.5
All-complex 61.5 4752.5
★ PATS (Ours) 60.9 1824.3

Table 6: Average performance metrics across 13 diverse
non-math domains. PATS maintains a superior accuracy-
efficiency balance in non-mathematical domains.

Appendix A.4. Table 6 presents the average per-
formance across these sampled non-math domains
using VersaPRM, a multi-domain PRM. The re-
sults show that PATS achieves superior accuracy
with moderate token usage, confirming its effective
transfer to broader non-mathematical domains.

Sensitivity Analysis on Thresholds. We eval-
uate robustness by perturbing each threshold by
±0.05. As shown in Appendix A.5, the im-
pact is minimal, revealing stable performance in
both accuracy and token usage. Across all per-
turbations, PATS consistently maintains a supe-
rior accuracy-efficiency balance compared to fixed-
mode baselines, demonstrating robustness to the
chosen thresholds.

6 Conclusion

In this paper, we propose a novel reasoning
paradigm—Process-Level Adaptive Thinking
Mode Switching (PATS). This method leverages
PRM scores during the reasoning process to esti-
mate the current difficulty and accordingly adjusts
the thinking mode, guided by thresholds derived
from a principled, data-driven methodology. Ex-
periments show that our approach achieves high
accuracy with low computational cost, demonstrat-
ing robust generalization across diverse model fam-
ilies, scales, PRMs of varying quality, and non-
mathematical domains. This paradigm highlights
that fine-grained, real-time adjustment of thinking
modes based on process-level difficulty can effec-
tively balance accuracy and efficiency, offering new
insights into efficient reasoning with LLMs.

Limitations

Our experiments demonstrate the effectiveness of
PATS across multiple model families and scales
up to 14B parameters. Due to computational con-
straints, we do not evaluate substantially larger
models (e.g., 70B+). Extending our experiments
to such scales could further deepen the understand-
ing of our proposed paradigm. We also verify that
PATS remains effective under PRMs of varying
quality. Future extensions may incorporate alter-
native evaluation signals, such as LLM-as-Judge,
to expand the scope of our experiments. Further-
more, this paradigm can also be extended to more
complex and diverse scenarios.
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A Complete Analysis and Generalization
Results

A.1 Analysis of Performance on the AIME24
Benchmark

In our main results, PATS shows a noteworthy
performance on the challenging AIME24 bench-
mark, where it outperforms the All-complex strat-
egy. This effect is not due to randomness but is a
result of our one-time penalty mechanism, which
helps correct severe procedural errors. To vali-
date this and demonstrate that the benefits origi-
nate from "adaptive switching" rather than solely
from the "penalty mechanism," we extended the
penalty mechanism to all fixed-mode baselines on
the AIME24 dataset, with the comprehensive abla-
tion results presented in Table 7.

Setting Acc ↑ Token ↓
All-simple w/ one-time penalty 16.7 3238.5
All-medium w/ one-time penalty 20.0 6217.8
All-complex w/ one-time penalty 26.7 10017.3
PATS (Ours) 23.3 5821.0

Table 7: Performance on AIME24 with the penalty
mechanism uniformly applied to all baseline settings.

As the results show, adding the penalty to All-
complex increases its accuracy over PATS. Further-
more, it can be observed that even after incorpo-
rating the penalty mechanism into all baselines,
PATS consistently maintains a superior accuracy-
efficiency balance, demonstrating that the primary
gains are derived from the adaptive switching it-
self. The penalty mechanism is merely a safeguard
for exceptional cases during the switching process,
triggered only when significant errors occur.

Furthermore, to confirm that the overall advan-
tages of PATS do not solely stem from the AIME24
dataset, we recalculated the average performance
across all methods with the AIME24 results ex-
cluded. As shown in Table 8, PATS still exhibits
an excellent accuracy-efficiency balance, which
confirms the robustness of our conclusions.

Setting Average Acc ↑ Average Token ↓
All-simple 65.2 1173.9
All-medium 68.8 2243.5
All-complex 72.0 4161.8
★ PATS (Ours) 70.9 2054.8

Table 8: Comparison of average performance with the
AIME24 dataset excluded.

A.2 Complete Results for the Penalty Study
In PATS, steps with PRM scores below a threshold
valuebad are classified as bad steps. To prevent
error propagation, we apply a one-time penalty
by rethinking these steps with the complex mode.
Table 9 presents a detailed comparison of three
strategies across all five benchmarks:

• No Penalty: Bad steps are left unprocessed.

• Infinite Penalty: Bad steps are rethought re-
peatedly in complex mode until the score ex-
ceeds the threshold.

• PATS: Our proposed one-time penalty
method.

The results indicate that PATS strikes the best bal-
ance, achieving the highest accuracy (+5.4 over No
Penalty and +1.3 over Infinite Penalty) while main-
taining significantly lower token usage than Infinite
Penalty and comparable usage to No Penalty. This
demonstrates the importance of penalizing subopti-
mal reasoning steps to prevent delayed correction,
while also underscoring the need for moderation to
avoid excessive rethinking on unresolvable steps,
which would otherwise lead to unnecessary token
consumption.

A.3 Complete Results of the Generalization
Experiments

We report the complete results of generalization ex-
periments conducted on policy models of varying
scales and families, as well as on different process
reward models. The complete results for the pol-
icy model generalization experiments are presented
in Table 10, and the complete results for the pro-
cess reward model generalization experiments are
presented in Table 11.

Note that PATS targets a better accuracy-
efficiency balance in average performance rather
than All-complex-level accuracy on every single
benchmark: on harder benchmarks (e.g., AMC23)
or smaller models (e.g., Qwen2.5-1.5B), it is rea-
sonable if All-complex obtains higher accuracy,
since it uses the maximum reasoning intensity at
every step. Near-parity is not limited to the 7B
setting: on Qwen2.5-14B-Instruct, PATS also ap-
proaches All-complex (62.8 vs. 63.2) with only
46.4% of its tokens. We also observe the high
All-complex token count on AIME24 with Llama-
3.1-8B (34,289.7) and faithfully report this result,
which does not affect the main conclusion of PATS.
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Setting GSM8K MATH500 AMC23 MinervaMATH AIME24 Average

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓
PATS-No-Penalty 93.9 829.4 79.0 1931.3 47.5 2604.0 42.6 1836.8 16.7 4612.9 55.9 2362.9
PATS-Infinite-Penalty 95.0 920.3 81.4 2307.8 60.0 3880.9 43.8 2188.5 20.0 11621.5 60.0 4183.8
★ PATS (Ours) 94.8 855.8 80.6 2067.7 65.0 3365.7 43.0 1929.9 23.3 5821.0 61.3 2808.0

Table 9: Complete results for the analysis on the effect of penalizing bad reasoning steps. Based on the average
metrics, PATS achieves the best balance—significantly improving accuracy while avoiding the high token cost on
unresolvable steps.

Overall, across all different experimental set-
tings, the conclusion remains consistent: PATS
consistently achieves high accuracy with moderate
token consumption, realizing an excellent accuracy-
efficiency balance.

A.4 Dataset Sampling Details for Domain
Generalization

For the cross-domain generalization experiments,
we utilized MMLU-Pro-CoT-Eval, a multi-
domain evaluation dataset. The reasoning pro-
cess was guided by VersaPRM, a multi-domain
PRM. To ensure a balanced evaluation across non-
mathematical reasoning tasks, we excluded the
Math category and selected the remaining 13 do-
mains: Physics, Chemistry, Law, Engineering,
Other, Economics, Health, Psychology, Business,
Biology, Philosophy, Computer Science, and His-
tory. From each of these 13 domains, we randomly
sampled 76 examples, resulting in a total evaluation
set of 988 queries. This balanced sampling strat-
egy ensures that the reported average performance
metrics reflect PATS’s generalization capabilities
in non-mathematical domains.

A.5 Threshold Sensitivity Analysis

We investigate the sensitivity of PATS to the hyper-
parameters used for mode switching. Specifically,
we perturb the three key thresholds: valuegood (de-
fault 0.85), valuelow (default 0.75), and valuebad
(default 0.40). We test variations of ±0.05 for each
threshold while keeping the others fixed.

Table 12 reports the detailed performance across
all five benchmarks. The results indicate that
the performance of PATS is largely insensitive
to small threshold perturbations. Overall, the
variations remain within acceptable bounds (accu-
racy: −4.54% to +0.03%, output tokens: −1.59%
to +2.05%). Crucially, across all perturbations,
PATS consistently maintains a superior accuracy-
efficiency balance compared to fixed-mode base-
lines (All-simple/medium/complex), confirming

that our adaptive paradigm is robust and not de-
pendent on precise hyperparameter tuning.

A.6 Detailed Results for Comparisons with
Other Inference Scaling Methods

We provide the comprehensive dataset-by-dataset
evaluation breakdown for the comparisons against
REBASE (Wu et al., 2025) and AB-MCTS (Inoue
et al., 2025). Table 13 details the specific accuracy
and token consumption metrics across all five math-
ematical reasoning benchmarks. The results show
that PATS consistently delivers competitive or su-
perior performance across individual tasks while
maintaining a highly compact token footprint.

A.7 Multi-Seed Robustness Analysis

The random seed for the main experiments is 42.
We further conduct three additional random-seed
experiments, and the averaged results across all
benchmarks are shown in Table 14, which show
that PATS consistently maintains a strong accuracy-
efficiency balance.

Across the four random-seed runs, PATS
achieves an average accuracy of 61.1 ± 0.5 (vari-
ance 0.27) with an average token usage of 2893.3±
146.8. It remains comparable to All-complex in ac-
curacy (61.3± 0.5), with an average accuracy gap
of only 0.25± 0.06 (variance 0.003), while using
only 55.3% of All-complex tokens on average.

A.8 PRM Scoring Overhead

We count the average number of PRM calls for each
setting in the main experiments, and the results are
shown in Table 15.

As shown in Table 15, PATS uses only 51.8%
of the PRM calls of All-complex, while achiev-
ing near-All-complex accuracy. Therefore, even
when PRM scoring overhead is considered, our
conclusion remains unchanged: PATS consistently
maintains a strong accuracy-efficiency balance.
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Setting GSM8K MATH500 AMC23 MinervaMATH AIME24 Average

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓

Qwen2.5-1.5B-Instruct

All-simple 69.0 574.9 57.0 1343.3 32.5 1874.0 16.5 1244.7 6.7 2705.7 36.3 1548.5
All-medium 79.8 1188.8 66.6 2667.2 30.0 4030.1 17.3 2647.8 6.7 5198.1 40.1 3146.4
All-complex 84.8 2345.3 69.4 5519.0 45.0 7772.2 24.3 5507.7 10.0 10744.3 46.7 6377.7
★ PATS (Ours) 83.2 1387.5 66.8 3127.7 37.5 4757.9 22.4 3531.4 3.3 7166.1 42.6 3994.1

Qwen2.5-3B-Instruct

All-simple 88.6 616.1 69.4 1235.1 50.0 1758.0 33.8 1431.5 6.7 2145.2 49.7 1437.2
All-medium 92.3 1185.2 74.4 2420.1 45.0 3609.1 37.5 2903.2 6.7 4862.0 51.2 2995.9
All-complex 93.7 2203.8 75.8 4819.7 52.5 6939.7 37.1 5951.5 13.3 10718.8 54.5 6126.7
★ PATS (Ours) 92.7 1126.6 75.8 2376.2 55.0 4083.7 34.9 2969.2 6.7 5886.6 53.0 3288.5

Qwen2.5-14B-Instruct

All-simple 94.9 584.4 79.4 1145.3 62.5 1738.1 47.1 1269.6 13.3 2182.7 59.4 1384.0
All-medium 95.5 1100.6 81.6 2212.0 65.0 3384.0 48.5 2504.2 13.3 4837.4 60.8 2807.6
All-complex 96.0 2036.7 85.2 4322.6 67.5 6693.5 47.4 5052.6 20.0 8742.0 63.2 5369.5
★ PATS (Ours) 96.0 1094.6 82.2 1979.5 67.5 2959.1 48.2 1954.6 20.0 4469.0 62.8 2491.4

Llama-3.1-8B-Instruct

All-simple 56.0 410.3 40.0 1125.2 22.5 1691.2 16.9 1104.6 10.0 4202.0 29.1 1706.7
All-medium 66.9 913.9 48.8 2480.3 37.5 3752.4 19.9 2480.8 6.7 14247.2 36.0 4774.9
All-complex 75.0 1592.7 53.2 4540.8 32.5 7011.1 25.7 5029.9 6.7 34289.7 38.6 10492.8
★ PATS (Ours) 70.0 797.5 43.0 1996.9 40.0 3059.8 22.8 2146.6 10.0 13616.6 37.2 4323.5

Table 10: Generalization of PATS for policy models across varying scales and families. The average results
demonstrate that PATS consistently maintains an excellent accuracy-efficiency balance, indicating that our proposed
adaptive paradigm scales effectively and is not limited to a specific model architecture.

Setting GSM8K MATH500 AMC23 MinervaMATH AIME24 Average

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓

Qwen2.5-Math-PRM-7B (Strong)

All-simple 93.8 564.8 76.2 1154.3 52.5 1742.5 38.2 1234.3 16.7 2075.7 55.5 1354.3
All-medium 94.4 1001.0 80.2 2204.2 57.5 3337.3 43.0 2431.6 16.7 4113.3 58.4 2617.5
All-complex 94.9 1774.9 81.0 4068.9 67.5 6231.6 44.5 4571.9 20.0 8705.6 61.6 5070.6
★ PATS (Ours) 94.8 855.8 80.6 2067.7 65.0 3365.7 43.0 1929.9 23.3 5821.0 61.3 2808.0

Qwen2.5-Math-7B-PRM800K (Medium)

All-simple 93.8 585.5 77.2 1144.5 52.5 1729.5 40.1 1267.2 13.3 2055.7 55.4 1356.5
All-medium 94.1 1062.6 77.4 2244.2 60.0 3546.0 36.8 2527.2 13.3 4336.8 56.3 2743.4
All-complex 94.2 1916.0 79.8 4295.2 62.5 6556.1 41.9 4843.5 13.3 8768.7 58.3 5275.9
★ PATS (Ours) 94.1 899.9 80.0 1954.1 55.0 3223.7 41.5 2071.8 16.7 3940.7 57.5 2418.0

Math-Shepherd (Weak)

All-simple 92.1 543.8 75.2 1092.6 50.0 1799.9 40.1 1124.9 10.0 1872.6 53.5 1286.8
All-medium 92.8 924.7 77.4 1915.0 47.5 2970.1 39.3 2086.4 13.3 3457.9 54.1 2270.8
All-complex 91.7 1707.5 74.2 3424.8 50.0 5318.1 40.1 3853.3 16.7 6535.5 54.5 4167.8
★ PATS (Ours) 93.0 860.8 76.0 2216.5 57.5 3204.6 40.8 2020.1 10.0 5358.6 55.5 2732.1

Table 11: Complete results for the generalization experiments across Process Reward Models (PRMs) of varying
quality, classified as Strong, Medium, and Weak based on the ProcessBench benchmark. The average results
demonstrate the robustness of PATS, which consistently maintains a strong balance between accuracy and efficiency
regardless of the PRM’s quality.

A.9 Comparison with Training-Based
Methods

Although PATS is training-free, we compare it
with training-based methods to better highlight its
practical value. System-1.x (Saha et al., 2024) tar-
gets finite-state maze tasks and is not applicable
to our mathematical reasoning scenarios where the
state space is infinite, and AdaCoT (Lou et al.,

2025) is difficult to reproduce due to the lack of
an open-source repository. Thus, we implement
a Dualformer-style (Su et al., 2024) Qwen2.5-7B
baseline, with results shown in Table 16.

Dualformer obtains fast/slow modes by switch-
ing system prompts after SFT, greatly reducing
token usage but substantially degrading task perfor-
mance, with an average accuracy far below PATS.
In contrast, PATS performs step-level adaptive
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Setting
GSM8K MATH500 AMC23 MinervaMATH AIME24 Average

Acc Token Acc Token Acc Token Acc Token Acc Token Acc Token

PATS (Ours) 94.80 855.80 80.60 2067.70 65.00 3365.70 43.00 1929.90 23.30 5821.00 61.30 2808.00

PATS (valuegood = 0.8) 94.90 853.20 80.20 2092.30 72.50 3179.50 39.00 2014.80 20.00 5841.40 61.32 (↑ 0.03%) 2796.24 (↓ 0.42%)
PATS (valuegood = 0.9) 94.10 852.50 81.80 2094.79 62.50 3428.67 37.50 2008.00 23.30 5747.50 59.84 (↓ 2.38%) 2826.29 (↑ 0.65%)

PATS (valuelow = 0.7) 94.90 844.50 79.20 2243.90 67.50 4252.20 37.10 1960.90 20.00 5026.90 59.74 (↓ 2.54%) 2865.68 (↑ 2.05%)
PATS (valuelow = 0.8) 94.50 848.30 80.20 2157.10 60.00 3280.60 37.90 2085.10 20.00 5445.20 58.52 (↓ 4.54%) 2763.26 (↓ 1.59%)

PATS (valuebad = 0.45) 94.10 849.40 81.40 2189.60 62.50 3426.90 37.10 2005.60 23.30 5532.60 59.68 (↓ 2.64%) 2800.82 (↓ 0.26%)
PATS (valuebad = 0.35) 94.50 838.80 81.60 2120.71 67.50 3322.60 37.10 2001.40 20.00 5752.97 60.14 (↓ 1.89%) 2807.30 (↓ 0.03%)

Table 12: Sensitivity analysis of PATS thresholds (±0.05 perturbations). The values in parentheses indicate the
fluctuation percentage relative to the default PATS settings. Bold and underlined values denote the maximum and
minimum fluctuation bounds observed. PATS shows minimal fluctuation and consistently outperforms fixed-mode
baselines in accuracy-efficiency balance across all perturbations.

GSM8K MATH500 AMC23 MinervaMATH AIME24 Average

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓
REBASE 95.4 2324.0 82.6 4954.0 60.0 7865.0 41.9 5283.0 16.7 9205.0 59.3 5926.2
AB-MCTS 93.2 2443.0 80.8 4740.0 60.0 6944.0 41.7 5058.0 13.3 9054.0 57.8 5647.8
★ PATS (Ours) 94.8 855.8 80.6 2067.7 65.0 3365.7 43.0 1929.9 23.3 5821.0 61.3 2808.0

Table 13: Comparison with other inference scaling methods on five math reasoning benchmarks.

Seed All-simple All-medium All-complex PATS (Ours)

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓
42 55.5 1354.3 58.4 2617.5 61.6 5070.6 61.3 2808.0
123 53.6 1335.3 56.3 2905.8 61.8 5217.2 61.6 3112.8

2024 57.2 1369.0 57.9 2675.6 61.2 5099.5 60.9 2835.2
7 56.4 1318.1 57.8 2706.4 60.6 5555.3 60.4 2817.1

Table 14: Averaged experimental results under different random seeds.

Setting Avg. Acc ↑ Avg. PRM Calls ↓
All-simple 55.5 17.0
All-medium 58.4 32.3
All-complex 61.6 60.8
★ PATS (Ours) 61.3 31.5

Table 15: Average accuracy and average number of
PRM calls for each setting in the main experiments.

Method Avg. Acc ↑ Avg. Token ↓
Dualformer-fast 14.6 12.3
Dualformer-slow 42.2 553.1
★ PATS (Ours) 61.3 2808.0

Table 16: Average performance comparison between
PATS and Dualformer.

switching at inference time without requiring any
training.

B Additional Analysis

B.1 Performance of Initial Thinking Modes
Across Varying Task Difficulties

We investigate the impact of initiating reasoning
with different thinking modes on model perfor-
mance across tasks of varying difficulty. Based on
greedy decoding accuracy, we categorize datasets
into three levels of difficulty: easy, medium, and
hard. PATS defaults to initiating the first step
with the complex thinking mode. Building on this
design, we further investigate the effects of start-
ing with simple and medium thinking modes. As
shown in Table 17, we analyze the trade-off be-
tween accuracy and token efficiency. The results
indicate that more difficult tasks derive greater ben-
efit from initiating reasoning with more complex
thinking modes. For easy tasks, initiating with
the simple mode achieves the lowest token usage
with comparable accuracy. For medium tasks, the
medium mode achieves the highest accuracy with
moderate token usage. For hard tasks, the complex
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mode clearly outperforms the others in terms of
accuracy. These findings suggest that aligning the
initial thinking mode with task difficulty effectively
balances accuracy and computational efficiency.

B.2 Reasoning Behavior across Task
Difficulties

We compare the reasoning processes across tasks
of varying difficulty levels, selecting MATH500
as a representative of easier tasks and AMC23 for
harder ones. To enable a meaningful comparison of
reasoning trajectories across problems with differ-
ing numbers of steps, we normalize the reasoning
process to the range [0, 1].

As shown in Figure 3, more complex modes in-
dicate greater reasoning difficulty and effort used.
For equally correct solutions, AMC23 exhibits a
higher proportion of complex thinking modes dur-
ing the mid-to-late stages of reasoning compared
to MATH500, reflecting increased cognitive ef-
fort and aligning with the greater complexity of
AMC23 problems. This shows that harder tasks
require more reasoning effort to achieve correct
solutions, underscoring that greater reasoning diffi-
culty necessitates more computational resources to
ensure final answer correctness.
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Setting Easy Medium Hard

GSM8K MATH500 AMC23 MinervaMATH AIME24

Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓ Acc ↑ Token ↓
PATS-first-simple 94.4 600.1 80.2 1582.0 62.5 2400.1 43.0 1648.4 16.7 3998.5
PATS-first-medium 94.7 644.1 80.2 1687.8 65.0 3349.2 44.1 1633.9 16.7 5776.0
★ PATS (Ours) 94.8 855.8 80.6 2067.7 65.0 3365.7 43.0 1929.9 23.3 5821.0

Table 17: Performance of different initial thinking modes across tasks of varying difficulty. Results show that
aligning the initial thinking mode with task difficulty leads to better performance.

Figure 3: Thinking mode distributions over the reasoning process for MATH500 (easier) and AMC23 (harder). The
harder task shows increased use of more complex modes in later stages, reflecting greater reasoning effort.
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