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Abstract

Reinforcement learning has become a corner-
stone technique for developing reasoning mod-
els in complex tasks, ranging from mathemat-
ical problem-solving to imaginary reasoning.
The optimization of these models typically re-
lies on policy gradient methods, whose effi-
cacy hinges on the accurate estimation of an
advantage function. However, prevailing meth-
ods typically employ static advantage estima-
tion, a practice that leads to inefficient credit
assignment by neglecting the dynamic utility
of training samples over time. This limitation
results in suboptimal policy updates, which
in turn manifest as slower convergence rates
and increased learning instability, as models
fail to adapt to evolving sample utilities ef-
fectively. To address this problem, we in-
troduce ADORA (Advantage Dynamics via
Online Rollout Adaptation), a novel frame-
work for policy optimization. ADORA dynam-
ically adjusts the advantage function’s weight-
ing by adaptively categorizing training data into
temporarily advantageous and disadvantageous
samples, based on their evolving utility dur-
ing online model rollouts. This tailored data
differentiation strategy allows ADORA to be
seamlessly integrated into existing policy opti-
mization algorithms without significant archi-
tectural modifications, enabling the policy to
prioritize learning from more informative ex-
periences and thereby achieve more efficient
policy updates. Extensive evaluations across
diverse model families and varying data scales
demonstrate that ADORA is a robust and ef-
ficient framework. It significantly enhances
long reasoning in both geometric and mathe-
matical tasks, consistently achieving notable
performance gains without requiring sensitive
hyperparameter tuning.

1 Introduction

Recent developments of reasoning models, exem-
plified by R1 (Guo et al., 2025), have expanded
the scope of large language models (LLMs) into a

reinforcement learning (RL) based paradigm. By
introducing long chain-of-thought (CoT) reasoning,
these models can achieve effective test-time scaling
and generate more sophisticated reasoning patterns,
including verification, reflection, and backtracking
(Guo et al., 2025; Xie et al., 2025). This capability
is further internalized within the model through RL,
which enhances generalization and enables it to ad-
dress complex real-world problems, such as math
(Liu et al., 2025), agent (Feng et al., 2025), and vi-
sual reasoning (Wang et al., 2025a). Despite these
successes, slow convergence and unstable learning
remain key challenges restricting the scalability of
RL.

To enable scalable RL, it is crucial to efficiently
utilize samples to achieve both fast convergence
and stable learning. However, existing meth-
ods such as Proximal Policy Optimization (PPO)
(Schulman et al., 2017) and Group Relative Pol-
icy Optimization (GRPO) (Zhang and Zuo, 2025)
assume that the informativeness of each training
example remains constant throughout policy opti-
mization, ignoring the dynamic nature of learning.
This results in diminished learning gains from indi-
vidual samples, slower convergence, and a greater
demand for training iterations and data to achieve
an acceptable performance level, thereby signifi-
cantly limiting both training efficiency and the ulti-
mate performance potential of reinforcement learn-
ing. To address this issue, our key insight is that a
sample’s advantage should evolve alongside the
policy. Specifically, as the model is trained and the
policy improves, the learning signal provided by
the same example changes over different training
iterations. Some samples may provide significant
learning opportunities at certain stages, while oth-
ers may involve concepts that are either already
mastered or beyond the model’s current capacity
to learn effectively. Treating all samples with uni-
form importance or with pre-defined static weights
fails to leverage this dynamic utility, potentially



leading to suboptimal learning trajectories and in-
efficient data use, as also noted by observations
that current methods lack robust mechanisms for
handling samples of varying utility during training
(Ye et al., 2025). Therefore, during the dynamic
training process, a simple yet effective method is re-
quired to distinguish between high- and low-value
samples in real time and to weight them accord-
ingly, thereby enabling efficient sample utilization
to promote stable and fast reinforcement learning.

Motivated by these patterns and our key insight,
we propose ADORA (Advantage Dynamics via
Online Rollout Adaptation), a novel and unified
RL framework designed to dynamically calibrate
advantage estimation for both LLMs and VLMs.
ADORA categorizes training data into Temporar-
ily Advantageous Samples (TAS) and Temporar-
ily Disadvantageous Samples (TDS) based on the
model’s rollout performance under a predefined
data differentiation strategy. It then re-weights ad-
vantages—inflating those for TAS and deflating
those for TDS—on the fly, thereby directing up-
dates to the most informative data at each training
stage to accelerate convergence and boost data ef-
ficiency. We observe differences between LLMs
and VLMs in terms of modality and pre-training,
and subsequently design a task-specific reweight-
ing strategy within a unified framework.

We conduct extensive controlled experiments on
both VLMs for geometry reasoning and LLMs for
mathematical reasoning. Our experiments cover
a wide range of architectures (Dense and MoE)
and model families, including Llama-3, Mistral,
DeepSeek, and InternVL. Empirically, ADORA
significantly improves long chain-of-thought rea-
soning and task generalization. For instance, on
the Qwen-7B-base model, ADORA achieves an
average of 3.4 percentage points improvement over
vanilla GRPO on math tasks. For VLMs, using
fewer than 2,000 samples and no task-specific cold-
start, the Qwen2.5-VL-7B model achieves 73.5%
accuracy on MathVista with ADORA.

Our key contributions and findings include:

* The ADORA framework: We propose a sim-
ple, elegant, and efficient method for dynami-
cally calibrating advantage estimation weights
in RL based on live rollout statistics.

* Task-specific differentiation strategies: We
design and validate distinct strategies for dis-
tinguishing TAS and TDS across different rea-

soning domains, consistently demonstrating
improvements over vanilla-GRPO.

* Comprehensive empirical analysis: Exten-
sive experiments are conducted to statistically
evaluate ADORA across multiple dimensions,
including training dynamics and thinking pat-
terns, thereby offering insights into its un-
derlying mechanisms. We further provide
detailed ablation studies demonstrating that
ADORA is robust to hyperparameter varia-
tions, effective under different advantage cri-
teria, and applicable to diverse RL algorithms,
establishing it as a stable and generalizable
framework.

2 Related Works

Curriculum Learning. The core idea of Curricu-
lum Learning (CL) (Bengio et al., 2009; Elman,
1993) is to present training samples in a mean-
ingful order, typically from easy to hard, to en-
hance learning efficiency and generalization. Sev-
eral variants have been proposed. (Kumar et al.,
2010)dynamically selects easier samples based on
the model’s current prediction loss, thereby imple-
menting an easy-to-hard training schedule. (Mati-
isen et al., 2019)introduces a teacher-student frame-
work where the teacher selects sub-tasks demon-
strating the fastest learning progress for the student,
guided by the student’s learning curve. More re-
cently, (Wang et al., 2025b) dynamically adjusts
sampling probabilities across different data distri-
butions to achieve an adaptive training schedule.
(Deng et al., 2025) proposed a three-stage rein-
forcement learning approach employing a progres-
sive difficulty reward mechanism to optimize RL
training. (Wen et al., 2025) utilizes a two-stage
curriculum-guided training. However, methods re-
lying on pre-defined difficulty metrics or staged
curricula are often costly, complex to implement,
and may not be universally applicable across all
models. This highlights the need for more efficient
and adaptive data selection techniques.

Reinforcement Learning for Reasoning in LLMs
and VLMs. Leveraging GRPO, DeepSeek-R1
(Guo et al., 2025) demonstrated significant im-
provements in reasoning capabilities through rule-
based reward reinforcement learning (RL), often
accompanied by the emergence of reflection tokens
and an increase in the length of Chain-of-Thought
(CoT) (Wei et al., 2022) responses. Subsequent re-



search has extensively applied R1-style rule-based
RL to LLMs (Xie et al., 2025; Zeng et al., 2025;
Yan et al., 2025) and VLMs (Shen et al., 2025; Li
et al., 2025; Meng et al., 2025). On one hand,
efforts have focused on optimizing GRPO. For
instance, (Yu et al., 2025)introduced decoupled
clipping and dynamic sampling strategies, among
other techniques, to enhance RL training stabil-
ity and efficiency for long-chain reasoning tasks.
(Zhang and Zuo, 2025)incorporated mechanisms
such as length-aware accuracy rewards and error
penalties. On the other hand, VLMs often pos-
sess weaker intrinsic reasoning abilities, making
direct RL training less effective and typically fail-
ing to achieve stable increases in response length.
This has led to strategies such as cold-starting with
large-scale data (Huang et al., 2025) or multi-stage
training, sometimes beginning with text-only data
to enhance model capabilities (Peng et al., 2025).

However, these approaches are often resource-
intensive, treat all samples homogeneously during
training, and their cross-domain transferability re-
mains questionable. In contrast, ADORA dynami-
cally assesses whether samples are advantageous
or disadvantageous to scale the advantage estima-
tion signal in real-time, which allows the model
to prioritize high-potential instances and acceler-
ates the emergence of reasoning capabilities from
scratch.

3 Method

This section details ADORA, our proposed frame-
work for dynamically guiding reinforcement learn-
ing (RL). We begin with a brief review of prevailing
RL algorithms in Section 3.1, providing insights
into the limitations of static advantage estimation.
Building on this analysis, we then present ADORA
in Section 3.2, which dynamically re-weights the
contribution of training samples, and demonstrate
its adaptability across both weaker and stronger
reasoning models.

3.1 Preliminaries

The generation process of a language model can
be modeled by a conditional policy my, which
produces an output sequence o given an input
q. At each step t, the model samples a token
o; from the vocabulary according to the distribu-
tion mp(o; | q,0<¢). The quality of a generated
response o for a given input q can be evaluated
by a reward function R(q,0). To align the model

with desired behaviors, RL fine-tuning maximizes
the expected reward while constraining the policy
to remain close to a reference model 7,..r. The
optimization objective is:

J(0) =Eqnupo, ommg(-la)

[R(a.0) - Dwamollimela)]
here, po is the distribution of input queries, and 3
controls the strength of KL regularization.
Prevailing RL approaches, such as PPO (Schul-
man et al., 2017), optimize the objective in Equa-
tion 1 using policy gradient methods. Unlike PPO,
which typically relies on Generalized Advantage
Estimator (Schulman et al., 2015), Group Rela-
tive Policy Optimization (GRPO) (Zhang and Zuo,
2025) avoids a separate value network by comput-
ing sample-wise advantages directly from normal-
ized rewards across a group of rollouts. Specifi-
cally, let D = {(q, a)} represent a dataset of ques-
tion—answer pairs. For each sample ¢, a group of
G individual responses {0;}5, is generated the
old policy 7, and assigned rule-based rewards
{Ri}iczl. The estimated advantage flm is identi-
cal across all tokens within a response, which is
derived from the group rewards as:
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GRPO adapts PPO’s clipped objective to opti-
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where p; 1(0) = is the importance
weight.

Crucially, the per-sample advantage is computed
from rewards and remains static throughout an
epoch or even the entire training process for that
sample in those algorithms. Under optimization
with static advantage estimates, all successful roll-
outs are treated equally regardless of their infor-
mativeness, which limits the adaptability of such
methods to the model’s evolving capabilities as
discussed in Section 1.



3.2 ADORA

To better leverage the heterogeneous quality and
utility of training trajectories, we propose ADORA,
which dynamically calibrates advantage estimates
by re-weighting samples according to their utility
within the current epoch. Specifically, ADORA
classifies samples into Temporarily Advantageous
Samples (TAS) and Temporarily Disadvantageous
Samples (TDS) based on the model’s live rollouts.
The core idea is to focus the model’s learning
effort on TAS, with this classification evolving
dynamically as training progresses.

Formally, for each sample s, we define a scalar
weight ws € R and apply it to the normalized
advantage:

A% = wy - A° 4)

where A° = {A$}% | and each A? is computed
according to Equation 2.

Since wg is sample-level and independent of
token-level actions, this modification preserves the
unbiased nature of the policy gradient.

When extending the weighted formula from a
single sample to the formal training of multiple
samples, the classification criteria of TAS/TDS and
the corresponding weight settings become critical.
In other words, two key questions arise:

1. How to determine whether a sample belongs
to TAS or TDS?

2. How to assign a corresponding weight w; that
reflects its training utility?

3.2.1 Ciriteria for Sample Differentiation

A central challenge in RL with reasoning models
is that not all successful rollouts are equally useful
for driving progress. If all trajectories are treated
uniformly, optimization can be dominated either by
shallow successes or by overly easy cases, both of
which provide limited value for advancing reason-
ing ability. ADORA introduces Length Advantage
and Difficulty Advantage as guiding criteria for
distinguishing samples throughout training.

Length Advantage. When advantage estimates
are static, short or superficial responses that achieve
high initial rewards may dominate the optimiza-
tion signal. Such cases often exploit shortcuts
rather than demonstrating genuine reasoning depth,
which can cause the model to overfit to trivial pat-
terns. To distinguish genuine deliberation from
such shortcuts, ADORA operates on a key intuition

that longer successful trajectories are more likely
to reflect extended deliberation, making them more
valuable for cultivating robust reasoning skills. For-
mally, we define a sample s as having a Length
Advantage if the following condition is met:

Lenyy <= Lfnax_succ > Lfail )

where Ly, g 18 the length of the longest suc-
cessful rollout and Lg; is the average length of

unsuccessful rollouts.

Difficulty Advantage. While length helps filter
out shallow reasoning, it is not sufficient on its own.
Many samples can involve long reasoning paths,
yet still be relatively easy for the model, yielding
abundant but uninformative training signals. To
address this, we incorporate sample difficulty, em-
phasizing examples that are still challenging for the
current model. These difficult samples are more
instructive, as they provide stronger learning sig-
nals and encourage the model to expand beyond
its current competence. We consider a sample s to
have a Difficulty Advantage if:
Diff 4y < 0 < R;

succ

<rT (6)

where R, denotes the proportion of successful
rollouts among all rollouts of sample s, and 7 is a
predefined threshold.

Together, Length and Difficulty Advantages of-
fer complementary perspectives: the former filters
out shallow successes, while the latter ensures that
training is guided by samples that are both chal-

lenging and rich in reasoning content.

3.2.2 Adaptive Advantage for Weak and
Strong Reasoning Models

Different models exhibit distinct behaviors during
RL sampling due to variations in their reasoning
capabilities. Weaker models often overfit to simple
shortcuts and need guidance to develop deeper rea-
soning, while stronger models, already equipped
with robust capabilities, benefit from strategies
that emphasize challenging and instructive samples.
ADORA adapts its advantage calibration to these
differing needs, providing targeted learning signals
for models with varying reasoning capabilities.
Visual language models (VLMs), representing
weak reasoning models, often exhibit limited rea-
soning capabilities in the early stages of RL train-
ing. During the rollout phase, responses that lack
sufficient reasoning but achieve immediate rewards
can dominate the optimization signal, steering the



Table 1: Avg@3 performance on various benchmarks. Dashes (-) denote unavailable official scores. Bold highlights

the best result within each group.

Model MathVista MathVerse .Mat.h.Verse DynaMath Overall
(mini_Vision_Only)
Claude 3.7-Sonnet 66.8 514 46.7 - -
Gemini2-flash 59.1 59.3 47.8 - -
MM-EUREKA-7B 72.7 50.6 48.3 - -
MMR 1-math-v0 70.2 49.8 45.1 - -
Vision-R1-7B 73.5 524 46.7 56.3 57.2
Gemma3-4b-it 46.3 25.2 13.5 10.5 23.88
GRPO 47.2 24.9 13.6 11.0 24.18
+ ADORA 48.3 (+1.1) 26.1 (+1.2) 14.5 (+0.9) 12.2 (+1.2) 25.28 (+1.1)
Internvl3-2b 57.0 32.5 25.3 14.6 32.35
GRPO 60.7 34.7 30.7 15.1 35.30
+ ADORA 64.8 (+4.1) 39.2 (+4.5) 34.9 (+4.2) 18.1 (+3.0)  39.25 (+3.95)
Qwen2.5-VL-7B 67.3 46.3 40.2 50.3 51.0
GRPO 70.2 48.2 441 53.3 54.0
+ADORA 73.5 (+3.3) 52.9 (+4.7) 48.6 (+4.5) 58.7 (+5.4) 58.4 (+4.4)

model toward shallow patterns and hindering the
acquisition of advanced reasoning skills. Conse-
quently, ADORA employs an attenuation strategy,
treating samples that fail to meet the Length Advan-
tage criterion as TDS and suppressing their learn-
ing signals. Formally, we introduce an attenuation
hyperparameter Ay € (0, 1) and define the sample
weight as:

1, if Lenagy
ws = . (7)
Aat, Otherwise

where TAS retain their full advantage signal (ws =
1) and TDS are down-weighted (ws < 1). This
attenuation mechanism reduces the influence of
unpromising samples that do not contribute to long-
horizon reasoning.

In contrast, large language models (LLMs) pos-
sess stronger reasoning abilities at initialization,
enabling solid performance on reasoning-intensive
tasks. During RL training, models strengthen their
reasoning ability, which naturally leads to longer
responses and allows more samples to contribute
meaningful learning signals. Accordingly, the
focus shifts from denoising to breaking learning
plateaus. Strong models require stronger signals
from high-quality, challenging samples to continue
improving. Adora therefore adopts an amplifica-
tion strategy, identifying samples that meet both
the Length and Difficulty Advantage criteria as
TAS, and strengthening their contribution to the
optimization process via an amplification hyperpa-

rameter Aymp > 1. We assign:

{Aamp, if Lenggy & Diffagy
1, otherwise

This amplification effect reinforces learning from
challenging and instructive samples, promoting
curriculum-style progression.

Overall, ADORA introduces a general and
lightweight mechanism to enhance RL via dy-
namic advantage calibration. By dynamically re-
weighting samples according to their utility, it en-
ables more targeted and effective policy optimiza-
tion across diverse model regimes.

4 Experiment

To empirically validate the efficacy of ADORA, we
conduct a series of controlled experiments. Section
4.1 first reports the results of VLM geometry rea-
soning tasks and Section 4.2 presents the results of
LLM mathematical reasoning tasks.

Setup. We employ GRPO as the base RL algo-
rithm, with ADORA integrated upon it. All RL
experiments are implemented under the verl frame-
work (Sheng et al., 2024), utilizing Math-Verify for
rule-based outcome verification. For VLM tasks,
all experiments are conducted using 2,000 samples
from the Geometry3K training set (Lu et al., 2021).
For LLM tasks, we conduct RL training on using
the MATHS00 training set (Lightman et al., 2023),
which contains 12,000 samples. In our experiments,



Table 2: Avg@3 performance on various math benchmarks. Bold represents the best performance in each group.

Model GSMSK  MATHS500 AMC23 CollegeMath  OlympiadBench ~ AIME24 Overall
DeepSeek-Math-7B 28.4 19.6 10.0 12.0 3.0 0.0 19.83
GRPO 68.2 39.5 20.0 29.8 12.0 33 28.80

+ ADORA 68.5 (+0.3) 41.8(+2.3) 25.0 (+5.0) 31.6 (+1.8) 12.9 (+0.9) 3.3(+0.0)0 30.52 (+1.72)
Mistral-v0.1-7B 21.2 54 0.0 3.8 2.4 0.0 5.47
GRPO 54.0 26.8 10.0 11.4 4.1 0.0 17.72

+ ADORA 53.8(-0.2) 304 (+3.6) 10.0 (+0.0) 12.4 (+1.0) 4.7 (+0.6) 0.0 (+0.0)  18.55(+0.83)
Llama-3.1-8B 40.2 12.7 2.5 6.4 3.1 0.0 10.82
GRPO 66.1 33.8 15.0 22.0 53 0.0 23.72

+ ADORA 66.7 (+0.6) 39.4 (+5.6) 15.0 (+0.0) 23.1 (+1.1) 10.5 (+5.2) 0.0 (+0.0) 25.78 (+2.06)
Qwen2.5-7B 56.3 57.2 37.5 24.3 26.3 10.0 35.27
GRPO 89.1 73.2 50.0 28.6 35.1 133 48.22
+ADORA 89.6 (+0.5) 76.2 (+3.0) 62.5 (+12.5) 29.3 (+0.7) 36.0 (+0.9) 16.7 (+3.4) 51.72 (+3.50)
we set the hyperparameters as follows: the thresh-  Results. The results in Table 1 indicate that

old 7 = 0.5, the attenuation weight Ay = 0.1,
the amplification weight Aymp = 2, and additional
detailed training hyperparameter settings are pro-
vided in Appendix A.1. To ensure reproducibility
and robustness, we conduct three separate runs and
report the average performance to mitigate random
variations.

Evaluation. For evaluation, VLM performance is
primarily assessed on MathVista (Lu et al., 2023),
Math Verse (Zhang et al., 2024) and DynaMath
(Zou et al., 2024) datasets. For evaluation on
LLM tasks, we mainly focus on seven widely used
math reasoning benchmarks, including GSM8K
(Cobbe et al., 2021), MATHS00 (Hendrycks et al.,
2021), AMC23 (Li et al., 2024), CollegeMath
(Tang et al., 2024), OlympiadBench (He et al.,
2024), and AIME24. For all these benchmarks,
we report the avg@3 results and setting the sam-
pling temperature to 0.

41 VLM

Baselines. Recent works(Meng et al., 2025;
Leng* et al., 2025; Huang et al., 2025) have re-
produced R1 on VLMs. We take these methods
as baselines for comparison and further analyze
the amount of training data consumed by different
approaches (see Appendix A.2). It demonstrates
that ADORA achieves superior performance while
operating without a cold start and utilizing minimal
data. Furthermore, we conduct RL experiments
across multiple model families—including Qwen
(Bai et al., 2025), Gemma (Team et al., 2025), and
InternVL (Zhu et al., 2025)—evaluating ADORA
against the vanilla GRPO baseline.

ADORA consistently outperforms the vanilla
GRPO baseline across diverse model families and
varying parameter scales. Compared to other open-
source models with 7B parameters, ADORA deliv-
ers the best performance. On MathVista, it matches
Vision-R1-7B (Huang et al., 2025) and substan-
tially outperforms advanced closed-source models.
Moreover, on MathVerse and DynaMath, ADORA
surpasses peer models of the same size by a large
margin. In conjunction with Table 5, ADORA does
not rely on the cold-start and achieves state-of-the-
art (SOTA) performance on nearly all benchmarks
with only 2,000 samples. This provides strong
evidence that dynamically adjusting advantage esti-
mates during training effectively guides the model
to learn from more beneficial samples, thereby en-
hancing its generalization capability.

42 LILM

Baselines. Employing models from the Qwen
(Yang et al., 2024), Mistral (Albert Q. Jiang et al.,
2023), and LLaMA (Grattafiori et al., 2024) fam-
ilies, we compare ADORA against the vanilla
GRPO baseline to evaluate its effectiveness.

Results. As shown in Table 2, training with
ADORA consistently improves the performance of
vanilla GRPO across a range of mathematical rea-
soning benchmarks. Specifically, ADORA boosts
the overall average performance across all model
families by margins ranging from 0.83% to 3.50%.
Notably, substantial gains are achieved on challeng-
ing datasets such as AMC23 and MATHS500, while
improvements are consistently observed across all
remaining tasks. In summary, these results confirm
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Figure 1: Comparison of vanilla GRPO vs. integration
with ADORA for the training of Qwen models.

that ADORA is a robust, versatile, and effective
plug-and-play enhancement. It is universally ap-
plicable across diverse model architectures, yield-
ing the most significant improvements on tasks de-
manding complex reasoning when integrated with
GRPO.

5 Analysis

Beyond achieving superior aggregate performance,
an understanding of how ADORA improves rea-
soning is crucial. This section analyzes ADORA’s
impacts on model behavior and learning character-
istics. First, Section 5.1 compares ADORA and
vanilla GRPO throughout the training process and
analyzes the notable thinking patterns evolved by
the model. Subsequently, we conduct a compre-
hensive series of ablation studies in Section 5.2 to
verify the method’s robustness and design choices,
covering hyperparameter sensitivity, the formula-
tion of ADORA’s advantage criteria, and the ef-
fectiveness of integrating with different RL algo-
rithms.

5.1 Empirical Study

Training Comparison. Figure la compares
ADORA with the GRPO baseline throughout train-
ing on LLM tasks. While the performance gap is
modest in early stages, a clear divergence emerges
as training progresses. Uniform weighting in
vanilla GRPO induces diminishing returns, where
redundant or noisy samples (TDS) hinder further
improvement. Conversely, ADORA selectively am-
plifies the reward signal of high-value samples
(TAS), increasing the marginal effectiveness of
each update. This results in two key advantages:
(1) Superior efficiency—ADORA reaches a reward
of 0.75 within 100 steps, whereas GRPO fails to
do so even after 250 steps; (ii) Higher performance
ceiling—by dynamically suppressing noise and pri-
oritizing reasoning-intensive and difficult samples,
ADORA achieves stronger performance under the
same data budget.
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Figure 2: Distribution of Reasoning-Related Keywords
for ADORA and vanilla GRPO.

In contrast to the LLM setting, Figure 1b reveals
a distinct training trajectory for VLMs. ADORA’s
attenuation mechanism yields smaller gradient up-
dates on TDS, leading to training performance com-
parable to or slightly below Vanilla-GRPO. How-
ever, while the baseline may achieve a marginally
higher training reward by over-fitting to visual
shortcuts or low-quality reasoning patterns inherent
in the training set, ADORA effectively suppresses
these noisy signals. By prioritizing samples with a
genuine Length Advantage, the model is compelled
to develop more robust and intrinsic reasoning ca-
pabilities rather than relying on superficial corre-
lations. This advantage is clearly evidenced in the
out-of-domain downstream tasks presented in Ta-
ble 1, where ADORA-trained models consistently
outperform the baseline.

Thinking Pattern. To analyze how ADORA re-
shapes the model beyond final accuracy, we inves-
tigate the reasoning behaviors of models trained
with ADORA and vanilla GRPO.

One of the most direct indicators of explicit rea-
soning is the frequency of reflective vocabulary. As
shown in Figure 3, ADORA-trained models exhibit
two prominent linguistic trends: increased use of
core reflective terms (e.g., verify, evaluate, con-
sider, check) and more frequent transitional mark-
ers (e.g., but, however), both signaling structured
and deliberate reasoning. In contrast, the frequency
of the word step—which often signifies a rigid, for-
mulaic thinking mode—drops significantly. This
shift indicates that ADORA encourages models to
prioritize self-monitoring and logical verification,
facilitating a transition from rigid imitation toward
more autonomous and reflective reasoning.

The right-shifted and heavier-tailed token length
distributions in Figure 8 show that ADORA pro-
duces longer answers across benchmarks, reflecting
its distinct thinking patterns compared to vanilla
GRPO. To distinguish whether this increase re-
flects deeper reasoning on difficult problems or
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Figure 3: Hyperparameter ablation of 7, Ay and Aymp

unnecessary overthinking, we introduce the Over-
thinking Score (Cuadron et al., 2025). A higher
score indicates a greater degree of overthinking.
As shown in Table 7, ADORA demonstrates an
adaptive calibration of reasoning depth: on the sim-
pler GSMS8K, it maintains a score comparable to
GRPO, whereas on the challenging AIME24, it
achieves a significantly lower overthinking score
(40.1 vs. 44.8). This suggests that ADORA effec-
tively distinguishes between productive reflection
and redundant computation, encouraging deeper
reasoning only when task complexity demands it.

5.2 Ablation Study

Hyperparameter Sensitivity. We perform an ab-
lation experiment on the difficulty threshold in
Eq. 6. Following standard principles from curricu-
lum learning and adaptive sampling, a sample’s
priority is increased whenever its accuracy falls be-
low this threshold, reflecting the need to allocate
more learning resources to harder problems. We
ablate the threshold over 7 € {0.25,0.5,0.75,1}
and find that 7 = 0.5 consistently achieves the
best balance between easy tasks (GSM8K) and
hard tasks (AIME24), effectively distinguishing
between "mastered” and "unmastered" samples.

For the attenuation weight in Eq. 7, our exper-
iments show that when Ay < 1, TDS samples
are effectively down-weighted, consistently out-
performing vanilla GRPO. The best results are ob-
tained within A, € [0.05,0.2], confirming that for
VLMs with relatively weaker reasoning abilities,
attenuation reliably acts as a denoising mechanism,
preventing the policy from being misled by low-
quality rollouts.

For LLM training, Performance consistently ex-
ceeds the vanilla-GRPO for amplification weights
in the range A\amp € (1, 3], with a stable optimum
observed around A,mp € [1.5,2.5]. This indicates
that for models with strong reasoning capabilities,
amplifying the gradients of high-quality and diffi-
cult samples provides a training benefit.

Advantage Criteria. We investigate the impact
of different advantage criteria in ADORA by com-
paring the effects of using Length Advantage, Dif-

DAPO
N DAPO + ADORA

927 93.1
0.4
77.4
725
65.0
61 473
16. 5.0
28
I I .

GSMBK MATHS500 AMC23 CollegeMath ~ OlympiadBench  AIME24 Average
Benchmark

Accuracy (%)
s o 2 3 = o
5 &8 3 3 8 8

8

Figure 4: Comparison between DAPO baseline and
ADORA.

ficulty Advantage, and their combination on LLM
and VLM tasks. As shown in Figure 9a, for LLM
tasks, the joint criterion consistently outperforms
either individual criterion across multiple bench-
marks. Among the single criteria, the Length Ad-
vantage is more effective on moderately difficult
tasks, while the Difficulty Advantage yields clear
benefits on harder benchmarks. We further evalu-
ate the performance of VLMs using the joint cri-
terion (in Figure 9b), yet observe no significant
gains over applying Length Advantage alone. This
suggests that the primary benefit for VLMs stems
from filtering out shallow or spurious reasoning pat-
terns—essentially a denoising process facilitated
by Length Advantage—rather than from the ex-
plicit prioritization of task complexity.

RL Algorithms. To verify the generality of
ADORA across different RL training algorithms,
we additionally conduct ablation experiments by
integrating ADORA with DAPO (Yu et al., 2025).
ADORA further enhances the already strong DAPO
baseline, increasing its overall accuracy from
57.5% to 59.9% (see Figure 4). These results
demonstrate that ADORA consistently improves
performance across different RL algorithms, con-
firming its broad applicability.

6 Conclusion

ADORA dynamically calibrates reinforcement
learning advantages via online rollouts, signifi-
cantly enhancing reasoning performance and ef-
ficiency for both LLMs and VLMs by differentiat-
ing sample utility. Further analysis elucidates the
mechanisms behind ADORA’s effectiveness, de-
tailing its influence on reflective reasoning patterns,
output elaboration, adaptive learning trajectories,
and overall reasoning capabilities.



Limitations

While ADORA demonstrates consistent improve-
ments, several limitations remain. First, the task-
specific differentiation strategies may require re-
design when applied to new domains, limiting out-
of-the-box generalizability. And ADORA’s effi-
cacy is tied to rollout quality; if the base model
produces low-quality reasoning trajectories, the
TAS/TDS classification may become unreliable.
What’s more, our evaluation primarily focuses on
mathematical and geometric reasoning, leaving ap-
plicability to other scenarios (e.g., commonsense
reasoning, agentic tasks) unexplored. Finally, in-
tegration with advanced RL techniques beyond
GRPO warrants further investigation.
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A Training Details

A.1 Training Hyperparameters

The detailed training hyperparameters are provided
in Tables 3 and 4, and all experiments are con-
ducted on 8 NVIDIA A100 GPUs, each equipped

with 80 GB of memory.

Table 3: Key hyperparameters for VLM training.

Name | Value
Rollout num 8
Train batch size 128
Rollout temperature 1.0
Mini batch size 128
Micro batch size per GPU 2
Learning rate 1.0e-6
Entropy coefficient 0.0
KL loss coefficient 0.001
Max prompt length 8192
Max response length 4096
GPU memory utilization 0.7

Table 4: Key hyperparameters for LLM training.

Name | Value
Rollout num 8
Train batch size 256
Rollout temperature 1.0
Mini batch size 128
Micro batch size per GPU 2
Learning rate 1.0e-6
Entropy coefficient 0.0
KL loss coefficient 0.001
Max prompt length 8192
Max response length 4096
GPU memory utilization 0.7

A.2 Comparison of Dataset Sizes

Table 5 summarizes the training resource configura-
tions of ADORA and other baselines, detailing the
amount of data consumed at different post-training
stages. The results demonstrate that ADORA
achieves competitive effectiveness while maintain-
ing superior data efficiency.

Table 5: Cold-Start and RL training data comparison of
multimodal methods.

Model Cold-Start Data RL Data

MM-EUREKA-7B 54k (open-source)
MMR 1-math-v0
Vision-R1-7B

ADORA (ours)

9.3k (open-source)
None 6k (open-source)
200k (synthetic data) 10k (open-source)

None 2k (open-source)
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B Additional Experiments

B.1 Data Scalability

A key question is whether ADORA’s benefits per-
sist as training data scales. As shown in Table 6,
We scaled the VLM training set from 2k to 10k
samples. Results indicate that ADORA maintains a
robust lead over GRPO. Crucially, ADORA trained
on 2k samples (73.5%) outperforms GRPO trained
on 10k samples (71.6%), highlighting its extreme
sample efficiency. With 10k samples, ADORA
further improves to 74.4%. This trend shows that
ADORA continues to amplify the marginal benefits
of sample selection as data volume increases, mak-
ing it increasingly effective in larger-scale settings.

Table 6: Zero-shot Avg@3 performance on various mul-
timodal math benchmarks based on Qwen2.5-VL-7B.
Bold denotes the best performance within each training
step group.

MathVerse
MathVista MathVerse

Model (mini_Vision_Only) DynaMath  Avg.
Qwen2.5-VL-7B ‘ 67.3 46.3 40.2 50.3 51.0
+ GRPO (2k) 70.2 48.2 44.1 533 54.0
+ ADORA (2k) 73.5 52.9 48.6 58.7 58.4
+ GRPO (10k) 71.6 50.6 453 53.8 553
+ ADORA (10k) 744 53.5 50.1 59.8 594

B.2 How Adora affects the learning trajectory
of RL?

Through both visualization and quantitative anal-
ysis on 2K samples of the Geometry3K dataset,
we investigate how ADORA distinguishes between
TAS and TDS throughout training iterations, and
how this distinction guides the model to tackle
more challenging problems progressively.

Figure 5 and Figure 6 reveal that ADORA per-
forms better when selecting half of the data in each
epoch, and the number of “selected samples" de-
creases as the epochs progress. In terms of dif-
ficulty, "unselected samples" are mostly simple
ones, while more difficult samples tend to require
repeated selection as "selected samples" for addi-
tional training. However, as the epochs progress,
the model consistently fails to find the correct
answers for over 600 difficult samples. Mean-
while, an increasing number of mastered tasks are
added to the "unselected samples”, meaning they
no longer require excessive training by the model.

Compared to the vanilla GRPO method,
ADORA employs an “Easy to hard; iterate if chal-
lenged" optimization strategy in its learning trajec-
tory, enabling the model to build a more robust ca-



Correct 0 Correct 1-3 Correct 4-7 Correct 8

Correct 1-3

TAS

Correct 4-7

Correct 0

uID
Correct K

Figure 5: The blue sections represent the samples se-
lected for each epoch (clustered for easier visualization),
while the red sections illustrate the distribution of sam-
ples under different Correct N settings in one sampling,
representing the difficulty of the samples, both of which
gradually deepen as epochs progress. The subgraph
shows, for each sample, during which epochs it was
classified as TAS as training progressed, as well as the
times the model answered this sample correctly (Correct
N).

TAS vs TDS by Epoch

— TAS  --- TDS « Correct0 +  Cormrect1-3 «  Correctd-7 « Correct8

Number of Samples

Figure 6: The changes in the number of samples of each
difficulty level for the two corresponding categories of
samples across epochs.

pability reserve when tackling subsequently harder
samples. This dynamic sample prioritization mech-
anism not only accelerates the model’s generaliza-
tion on medium-difficulty examples but also sig-
nificantly reduces redundant training on easy ones,
making it a key factor in ADORA’s performance
breakthroughs on geometry reasoning tasks.

B.3 PASS@K: ADORA vs. GRPO

ADORA —— GRPO —— Qwen2.5-78
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Figure 7: Pass@k curves of base model and ADORA/-
GRPO across multiple mathematical benchmarks.

The Pass@K metric, which assesses if a model
can correctly solve a problem in at least one of K
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attempts (thus indicating its upper-bound reasoning
capability), was used to compare ADORA against
GRPO in Figure 7. Consistent with prior findings
(Yue et al., 2025), We manually inspect to ensure
that the problem-solving process is not coinciden-
tal and observe that ADORA consistently outper-
formed or matched GRPO across benchmarks, with
both RL methods significantly surpassing the base
model at smaller K values. Interestingly, while the
base model sometimes overtook both at larger K,
ADORA notably achieved 100% accuracy on the
AMC dataset with fewer than 64 samples, outper-
forming both GRPO and the base model.

These Pass @K comparisons highlight ADORA’s
strength: it not only improves efficiency in reaching
known solutions but also appears to expand the set
of viable reasoning paths the model can explore.
This creates a broader "solvable problem space,"
enabling ADORA-trained models, given enough
attempts, to solve problems where GRPO-trained
counterparts might still struggle.

B.4 Thinking Pattern

ADORA exhibits a moderate and controlled in-
crease in response length compared to GRPO, en-
suring the generation remains efficient.

AMC 23 GSMBK

AIME 2024

2000 4000 6000

> 2000 3000 4000
Token Length

Figure 8: Comparison of Token Length Distributions
Generated by GRPO and ADORA across Various Rea-
soning Benchmarks.

B.5 Results of Advantage Criteria Ablation

MATH500
765

3
OlympiadBench CollegeMath

(age + Dificulty Advantage

(a) LLM

(b) VLM

Figure 9: Ablation Results on Advantage Criteria



B.6 Overthinking

Table 7: Comparison of Overthinking Scores between
ADORA and GRPO.

Model GSMSK AIME24
GRPO 31.5 44.8
+ADORA 32.2 40.1
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C Study Cases

ADORA

In a table tennis tournament every participant played every other participant exactly
once. Although there were twice as many right-handed players as left-handed
players, the number of games won by left-handed players was 40% more than the
number of games won by right-handed players. (There were no ties and no
ambidextrous players.) What is the total number of games played?

<think> To solve this problem, let's define the variables and set up the equations
based on the given information.

Let ( L ) be the number of left-handed players and ( R ) be the number of right-handed
players. According to the problem, there are twice as many right-handed players as
left-handed players, so we have:

R=2L

Each player plays every other player exactly once, so the total number of games played
is the number of ways to choose 2 players out of ( L + R ) players, which is given by
the combination formula:
L+R\_(L+R(L+R-1)
(T) = 2

Let ( W, ) be the number of games won by left-handed players and ( Wy ) be the
number of games won by right-handed players. According to the problem, the number
of games won by left-handed players is 40% more than the number of games won by
right-handed players, so we have:

W, = 14W,

Since each game has exactly one winner, the total number of games won is equal to
the total number of games played:

L+R
wrm=(*2%)

Substituting (W;, = 1.4 Wy ) into the equation, we get:

L+R
LaWp + W =("

L+R
24w =(",

Now, let's substitute (R = 2L ) into the equation:
2.4Wg = o
AW = (",

2.4Wy = —3L(3; =)

4.8Wg =3L(BL—1)

_3LEL-1)

)

w, 2 3L6L=1) _5LGBL-1)
B=7 a8 8

Since ( Wg ) must be an integer, ( 5L(3L — 1) ) must be divisible by 8. Let's check the
possible values of ( L ) that satisfy this condition.

(L =1)
5.1-(3:1—1)=10 (notdivisible by 8)
If(L =2)
5.2-(3:2—1) =50 (notdivisible by 8)
If(L =3)

5.3.(3:3—1) =120 (divisible by 8)
So, (L = 3)isavalid solution. Then (R = 2L = 6).

The total number of games played is:

GRS

The total number of games played is (|

<answer>|36] </answer>

GRPO

||

Qwen2.5-VL-
7B-Instruct

<think> To solve this problem, let's denote the number of left-handed players as ( L ) and the number of right-handed
players as ( R ). According to the problem, (R = 2L ).

Each player plays every other player exactly once, so the total number of games played is the number of ways to
choose 2 players out of the total ( L + R ) players, which is given by the combination formula ( (“F) = ”'””(Zi") )
Let's denote the number of games won by left-handed players as ( W;, ) and the number of games won by right-
handed players as ( Wy ). According to the problem, ( W, = 1.4Wy ).

Since every game has a winner, the total number of games won is equal to the total number of games played, so
L4R
(W, +We = (“39)).

Substituting (R = 2L ) into the equations, we get:

3L\ 3LBL-1)
Wt W= ) ==—5—

W, = 1.4W,
Let ( Wy = x ). Then ( W, = 1.4x ), and the total number of games won is:

L(3L—1
1.4x+x:2.4x:M

_3L(3L—1) _5LBL-1)
T 48 8

since (Wp = x) and (Wg = (%) = 2= = 1(2L - 1) ), we can set up the equation:

5L(3L—1
L@2L-1) LG
8L(2L—1) =5L(3L—1)
8(2L—1)=5(3L—-1)
16L — 8 = 15L — 5
L=3
So, (R = 2L = 6).The total number of playersis (L + R = 3 + 6 = 9). The total number of games played is:
9x8
W=

Thus, the total number of games played is (

To determine the total number of games played in the tournament, we first need to establish the relationship
between the number of left-handed and right-handed players and the number of games won by each group.

Let ( L ) be the number of left-handed players and ( R ) be the number of right-handed players. According to the
problem, (R = 2L ). The total number of playersis (L + R = L + 2L = 3L).

The total number of games played in a round-robin tournament where every participant plays every other participant
exactly onceis given by the combination formula ( (%) = 2£=1).

Let ( W, ) be the number of games won by left-handed players and ( Wy ) be the number of games won by right-
handed players. According to the problem, ( Wy, = 1.4Wy ).

In any individual game, there is a winner and a loser, and the total number of games won by all players must equal the
total number of games played. Therefore, we have:

3L(3L—1)
W, + Wy =———
Substituting ( W, = 1.4Wj ) into the equation, we get:
3L(3L-1)
LAW + We = ———,
3L(3L—1
24Wp = ¥'

2
3L(3L—1) 3L(3L-1) 5L(L-1)
= T4 8
Now, we need to check the consistency of the values. Since ( Wy ) must be an integer, ( SL(3L — 1) ) must be divisible
by 8. We can test small values of ( L ) to find a suitable number.

If(L = 4), then (= 4»(;“) _ i‘%‘i = % = 27.5), which is not an integer.
(L = 5), then (2205 = 5814 _ 350 _ 4375 whichis not an integer.
If(L =6), then(w == = 7- % = 63.75 ), which is not an integer.
If(L = 8),then (22240 = 582 _ 415 which is an integer.

Thus, ( L = 8 ) is a valid solution. Therefore, the total number of players is ( 3L =
number of games played is:

3 :8 = 24 ), and the total

3L(BL—1) _24-23 _

27
2 276

The total number of games played is (

Figure 10: Comparative analysis of responses to AMC Problem 48. The Base model, lacking verification, incorrectly
solves the problem. GRPO exhibits hallucinated reasoning steps. In contrast, ADORA correctly answers the question
with a simple verification.

D Overthinking

We use GPT-40 to evaluate the model’s overthinking. Specifically, for GSM8K and AIME24, we sample
50% of the outputs from each model and score them accordingly. The prompt is shown in Figure 12 and
13.
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ADORA

"Hint: Please answer the question and provide the correct option letter, e.g., A, B, C, D, at the end.

Question: Find the value of $t$ in the parallelogram.

w,
Choices: V X
(A)6 _
®)7 s-7
(©8 ‘ 2t-6
(D) 13" Y
z

To solve for the value of \( t\) in the parallelogram, we
need to use the properties of the diagonals of a
parallelogram.  Specifically, the diagonals of a
parallelogram bisect each other, meaning they intersect at
their midpoints.

In the given parallelogram, the diagonals intersect at point
\( X \). According to the properties of the diagonals, the
segments they create are equal. Therefore, we can set up
the equation:

\[s-7=2t-6\]

However, we need to use the correct property for the
diagonals of a parallelogram, which is that the segments
they create are equal. Let's assume the correct
interpretation is that the segments are equal, so we can
set up the equation:

\[8=2t-6\]

Now, solve for \(t\):

\[8+6=2t\]

\[14=2t\]

\[t = \frac{14}2}\]

\[t=7\]

But let's recheck the correct interpretation. The correct
property is that the segments created by the diagonals are
equal, so we should have:

\[s-7=2t-6\]

But the correct interpretation should be:

\[8=2t-6\]

Solving this:

\[8+6=2t\]

\[14=2t\]

\[t = \frac{14}2}\]

\[t=7\]

But the correct interpretation should be:

\[s-7=2t-6\]

So the correct value is:

\[t=7\]

But the correct interpretation should be:

\[8=2t-6\]

Solving this:

\[8+6=2t\]

\[14=2t\]

\[t = \frac{14}{2}\]

\[t=7\]

The correct answer is:

\boxed{7}

GRPO

|

—
Qwen2.5-VL-
7B-Instruct

To solve for \( t\) in the parallelogram, we need to use the
properties of parallelograms and the given information.

1. **Identify the properties of the parallelogram:**
- Opposite sides of a parallelogram are equal in length.
- Opposite angles of a parallelogram are equal.
- The diagonals of a parallelogram bisect each other.

2. **Given information:**
- The length of one diagonal segment is 6.
- The length of the other diagonal segmentis \(s-7\).
- The length of the third diagonal segmentis \( 2t-6\).

3. **Set up the equation:**

Since the diagonals of a parallelogram bisect each other,
the segments created by the intersection are equal.
Therefore, we can set up the following equation:

\[s-7=2t-6\]

4. **Solve for \(t\):**

- First, simplify the equation:
\[s-7=2t-6\]

- Add 7 to both sides:
\[s=2t+1\]

- Subtract 2t from both sides:
\[s-2t=1\]

- Solve for \(t\):
\['t =\frac{s - 1{2}\]

5. **Determine the value of \( s \):**
- From the diagram, the length of the diagonal segment
is 6.
- Therefore, \(s-7=6).
- Solve for \(s\):
\[s=13\]

6. **Substitute \( s \) back into the equation for \(t\):**
\[ t =\frac{13 - 142} = \frac{12}{2} =6 \]

Therefore, the value of \( t\) is \(\boxed{6}\).

To solve for the value of \( t \) in the parallelogram, we
need to use the property that the diagonals of a
parallelogram bisect each other. This means that the
segments created by the intersection of the diagonals are
equal.

Given:

- One segment of the diagonal \( WX'\) is 8.

- The other segment of the diagonal \( WX \)is \(s- 7).
- One segment of the diagonal \( YZ) is 6.

- The other segment of the diagonal \(YZ\)is \(2t-6\).

Since the diagonals bisect each other, we can set up the
following equations:

\[8=5-7\]

\[6=2t-6\]

First, solve for \(s\):
\[8=5-7\]
\[s=8+7\]
\[s=15\]

Next, solve for \(t\):
\[6=2t-6\]
\[6+6=2t\]
\[12=2t\]

\['t = \frac{12}{2} \]
\[t=6\]

Therefore, the value of \(t\)is \(6 ).

The correct answer is:
(A) 6

Figure 11: Comparative analysis of responses to MathVista Problem 819. All three models initially misidentified
the position of the diagonal bisecting the line segment. Only ADORA successfully corrected its error through
self-reflection, albeit with instances of over-reflection during the process.
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Prompt to Detect Overthinking-1

System Prompt:
You are an Al judge focused on detecting when models prefer their internal reasoning chain over interacting with the
environment.

{
<INTERACTION> trajectory goes here </INTERACTION>

}
Analyze the <INTERACTION> and determine if the model is preferring their internal reasoning chain over interacting
with the environment:
How could this be detected?
<CORE PRINCIPLE>

* The model suffers from Analysis Paralysis; it focuses on heavy planning instead of interacting with the environ-
ment.

* The model suffers from Rogue actions. After facing setbacks, it generates multiple actions without waiting for the
environment to process the previous action.

¢ The model suffers from Premature Disengagement, it concludes the task without checking with the environment.
Either because it is overconfident in the solution or because it thinks it can’t solve the problem.

</CORE PRINCIPLE>
<SCORING SYSTEM (0-10)>
0-3: Always interacting with the environment

* A summary of what has been done so far is good, even if done multiple times.

* A brief summary of the steps to take is good if the model interacts with the environment, following steps one by
one.

* Only one action per turn, finish, and other actions are NOT allowed.
* Alternating between two operations is good.

» Trying the same approach over and over is good, even with long or complex actions, as long as the model waits
for environment feedback each time.

* Repeating similar patterns or configurations is fine as long as the model interacts with the environment between
attempts.

¢ Detailed reasoning and planning are good if they lead to concrete actions with environment interaction.
4-7: Sometimes relies too much on their internal reasoning chain, but still interacts with the environment.

* It engages in heavy planning, but still interacts with the environment.

It NEVER concludes the task without checking with the environment.

* It might output multiple steps ONE time, but at subsequent turns, it interacts one step at a time.

Long theoretical discussions are acceptable if they eventually result in concrete actions.
8-10: Completely relies on their internal reasoning chain.
* Focuses solely on their internal reasoning chain, with no concrete actions following the analysis.

* Generates multiple actions without waiting for the environment response.

The model prematurely concludes the task. Either because it is overconfident in the solution or because it thinks it
can’t solve the problem.

* Generates many steps without any environment interaction.
* Gets stuck in endless theoretical discussion without attempting solutions.

</SCORING SYSTEM>

Figure 12: The prompt for overthinking scoring.
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Prompt to Detect Overthinking-2

System Prompt:
<ANALYSIS STEPS >
1. Analysis Paralysis

* Is the model focusing on heavy planning instead of interacting with the environment?
* Does the model interact with the environment at all?
* Does the model follow its planned steps starting from the first one?

2. Rogue Actions

* Does the model generate multiple actions without waiting for the environment to process the
previous action?

* Is this behavior after facing a setback?
* Does this behaviour happen often?
3. Premature Disengagement
* Does the model prematurely conclude the task?
* Is the model overconfident in the solution?
¢ Is the model thinking it can’t solve the problem?

</ANALYSIS STEPS >
<EXAMPLES>
</EXAMPLES>
<IMPORTANT>

Format your response as:
{

<answer >
{

"overthinking_score”: "[0-10]",

"reasoning”: "Explain your reasoning for the score,

be careful with new lines as they might break the JSON parsing”
}

</answer >

Always surround your answer with <answer> and </answer> tags.

Take your time to understand the interaction and analyze it carefully.

Think step by step if models prefer their internal reasoning chain over interacting with the environ-
ment.

</IMPORTANT>

Figure 13: The prompt for overthinking scoring.
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