
ADORA: Training Reasoning Models with Dynamic Advantage Estimation
on Reinforcement Learning

Anonymous ACL submission

Abstract001

Reinforcement learning has become a corner-002
stone technique for developing reasoning mod-003
els in complex tasks, ranging from mathemat-004
ical problem-solving to imaginary reasoning.005
The optimization of these models typically re-006
lies on policy gradient methods, whose effi-007
cacy hinges on the accurate estimation of an008
advantage function. However, prevailing meth-009
ods typically employ static advantage estima-010
tion, a practice that leads to inefficient credit011
assignment by neglecting the dynamic utility012
of training samples over time. This limitation013
results in suboptimal policy updates, which014
in turn manifest as slower convergence rates015
and increased learning instability, as models016
fail to adapt to evolving sample utilities ef-017
fectively. To address this problem, we in-018
troduce ADORA (Advantage Dynamics via019
Online Rollout Adaptation), a novel frame-020
work for policy optimization. ADORA dynam-021
ically adjusts the advantage function’s weight-022
ing by adaptively categorizing training data into023
temporarily advantageous and disadvantageous024
samples, based on their evolving utility dur-025
ing online model rollouts. This tailored data026
differentiation strategy allows ADORA to be027
seamlessly integrated into existing policy opti-028
mization algorithms without significant archi-029
tectural modifications, enabling the policy to030
prioritize learning from more informative ex-031
periences and thereby achieve more efficient032
policy updates. Extensive evaluations across033
diverse model families and varying data scales034
demonstrate that ADORA is a robust and ef-035
ficient framework. It significantly enhances036
long reasoning in both geometric and mathe-037
matical tasks, consistently achieving notable038
performance gains without requiring sensitive039
hyperparameter tuning.040

1 Introduction041

Recent developments of reasoning models, exem-042

plified by R1 (Guo et al., 2025), have expanded043

the scope of large language models (LLMs) into a044

reinforcement learning (RL) based paradigm. By 045

introducing long chain-of-thought (CoT) reasoning, 046

these models can achieve effective test-time scaling 047

and generate more sophisticated reasoning patterns, 048

including verification, reflection, and backtracking 049

(Guo et al., 2025; Xie et al., 2025). This capability 050

is further internalized within the model through RL, 051

which enhances generalization and enables it to ad- 052

dress complex real-world problems, such as math 053

(Liu et al., 2025), agent (Feng et al., 2025), and vi- 054

sual reasoning (Wang et al., 2025a). Despite these 055

successes, slow convergence and unstable learning 056

remain key challenges restricting the scalability of 057

RL. 058

To enable scalable RL, it is crucial to efficiently 059

utilize samples to achieve both fast convergence 060

and stable learning. However, existing meth- 061

ods such as Proximal Policy Optimization (PPO) 062

(Schulman et al., 2017) and Group Relative Pol- 063

icy Optimization (GRPO) (Zhang and Zuo, 2025) 064

assume that the informativeness of each training 065

example remains constant throughout policy opti- 066

mization, ignoring the dynamic nature of learning. 067

This results in diminished learning gains from indi- 068

vidual samples, slower convergence, and a greater 069

demand for training iterations and data to achieve 070

an acceptable performance level, thereby signifi- 071

cantly limiting both training efficiency and the ulti- 072

mate performance potential of reinforcement learn- 073

ing. To address this issue, our key insight is that a 074

sample’s advantage should evolve alongside the 075

policy. Specifically, as the model is trained and the 076

policy improves, the learning signal provided by 077

the same example changes over different training 078

iterations. Some samples may provide significant 079

learning opportunities at certain stages, while oth- 080

ers may involve concepts that are either already 081

mastered or beyond the model’s current capacity 082

to learn effectively. Treating all samples with uni- 083

form importance or with pre-defined static weights 084

fails to leverage this dynamic utility, potentially 085
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leading to suboptimal learning trajectories and in-086

efficient data use, as also noted by observations087

that current methods lack robust mechanisms for088

handling samples of varying utility during training089

(Ye et al., 2025). Therefore, during the dynamic090

training process, a simple yet effective method is re-091

quired to distinguish between high- and low-value092

samples in real time and to weight them accord-093

ingly, thereby enabling efficient sample utilization094

to promote stable and fast reinforcement learning.095

Motivated by these patterns and our key insight,096

we propose ADORA (Advantage Dynamics via097

Online Rollout Adaptation), a novel and unified098

RL framework designed to dynamically calibrate099

advantage estimation for both LLMs and VLMs.100

ADORA categorizes training data into Temporar-101

ily Advantageous Samples (TAS) and Temporar-102

ily Disadvantageous Samples (TDS) based on the103

model’s rollout performance under a predefined104

data differentiation strategy. It then re-weights ad-105

vantages—inflating those for TAS and deflating106

those for TDS—on the fly, thereby directing up-107

dates to the most informative data at each training108

stage to accelerate convergence and boost data ef-109

ficiency. We observe differences between LLMs110

and VLMs in terms of modality and pre-training,111

and subsequently design a task-specific reweight-112

ing strategy within a unified framework.113

We conduct extensive controlled experiments on114

both VLMs for geometry reasoning and LLMs for115

mathematical reasoning. Our experiments cover116

a wide range of architectures (Dense and MoE)117

and model families, including Llama-3, Mistral,118

DeepSeek, and InternVL. Empirically, ADORA119

significantly improves long chain-of-thought rea-120

soning and task generalization. For instance, on121

the Qwen-7B-base model, ADORA achieves an122

average of 3.4 percentage points improvement over123

vanilla GRPO on math tasks. For VLMs, using124

fewer than 2,000 samples and no task-specific cold-125

start, the Qwen2.5-VL-7B model achieves 73.5%126

accuracy on MathVista with ADORA.127

Our key contributions and findings include:128

• The ADORA framework: We propose a sim-129

ple, elegant, and efficient method for dynami-130

cally calibrating advantage estimation weights131

in RL based on live rollout statistics.132

• Task-specific differentiation strategies: We133

design and validate distinct strategies for dis-134

tinguishing TAS and TDS across different rea-135

soning domains, consistently demonstrating 136

improvements over vanilla-GRPO. 137

• Comprehensive empirical analysis: Exten- 138

sive experiments are conducted to statistically 139

evaluate ADORA across multiple dimensions, 140

including training dynamics and thinking pat- 141

terns, thereby offering insights into its un- 142

derlying mechanisms. We further provide 143

detailed ablation studies demonstrating that 144

ADORA is robust to hyperparameter varia- 145

tions, effective under different advantage cri- 146

teria, and applicable to diverse RL algorithms, 147

establishing it as a stable and generalizable 148

framework. 149

2 Related Works 150

Curriculum Learning. The core idea of Curricu- 151

lum Learning (CL) (Bengio et al., 2009; Elman, 152

1993) is to present training samples in a mean- 153

ingful order, typically from easy to hard, to en- 154

hance learning efficiency and generalization. Sev- 155

eral variants have been proposed. (Kumar et al., 156

2010)dynamically selects easier samples based on 157

the model’s current prediction loss, thereby imple- 158

menting an easy-to-hard training schedule. (Mati- 159

isen et al., 2019)introduces a teacher-student frame- 160

work where the teacher selects sub-tasks demon- 161

strating the fastest learning progress for the student, 162

guided by the student’s learning curve. More re- 163

cently, (Wang et al., 2025b) dynamically adjusts 164

sampling probabilities across different data distri- 165

butions to achieve an adaptive training schedule. 166

(Deng et al., 2025) proposed a three-stage rein- 167

forcement learning approach employing a progres- 168

sive difficulty reward mechanism to optimize RL 169

training. (Wen et al., 2025) utilizes a two-stage 170

curriculum-guided training. However, methods re- 171

lying on pre-defined difficulty metrics or staged 172

curricula are often costly, complex to implement, 173

and may not be universally applicable across all 174

models. This highlights the need for more efficient 175

and adaptive data selection techniques. 176

Reinforcement Learning for Reasoning in LLMs 177

and VLMs. Leveraging GRPO, DeepSeek-R1 178

(Guo et al., 2025) demonstrated significant im- 179

provements in reasoning capabilities through rule- 180

based reward reinforcement learning (RL), often 181

accompanied by the emergence of reflection tokens 182

and an increase in the length of Chain-of-Thought 183

(CoT) (Wei et al., 2022) responses. Subsequent re- 184
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search has extensively applied R1-style rule-based185

RL to LLMs (Xie et al., 2025; Zeng et al., 2025;186

Yan et al., 2025) and VLMs (Shen et al., 2025; Li187

et al., 2025; Meng et al., 2025). On one hand,188

efforts have focused on optimizing GRPO. For189

instance, (Yu et al., 2025)introduced decoupled190

clipping and dynamic sampling strategies, among191

other techniques, to enhance RL training stabil-192

ity and efficiency for long-chain reasoning tasks.193

(Zhang and Zuo, 2025)incorporated mechanisms194

such as length-aware accuracy rewards and error195

penalties. On the other hand, VLMs often pos-196

sess weaker intrinsic reasoning abilities, making197

direct RL training less effective and typically fail-198

ing to achieve stable increases in response length.199

This has led to strategies such as cold-starting with200

large-scale data (Huang et al., 2025) or multi-stage201

training, sometimes beginning with text-only data202

to enhance model capabilities (Peng et al., 2025).203

However, these approaches are often resource-204

intensive, treat all samples homogeneously during205

training, and their cross-domain transferability re-206

mains questionable. In contrast, ADORA dynami-207

cally assesses whether samples are advantageous208

or disadvantageous to scale the advantage estima-209

tion signal in real-time, which allows the model210

to prioritize high-potential instances and acceler-211

ates the emergence of reasoning capabilities from212

scratch.213

3 Method214

This section details ADORA, our proposed frame-215

work for dynamically guiding reinforcement learn-216

ing (RL). We begin with a brief review of prevailing217

RL algorithms in Section 3.1, providing insights218

into the limitations of static advantage estimation.219

Building on this analysis, we then present ADORA220

in Section 3.2, which dynamically re-weights the221

contribution of training samples, and demonstrate222

its adaptability across both weaker and stronger223

reasoning models.224

3.1 Preliminaries225

The generation process of a language model can226

be modeled by a conditional policy πθ, which227

produces an output sequence o given an input228

q. At each step t, the model samples a token229

ot from the vocabulary according to the distribu-230

tion πθ(ot | q, o<t). The quality of a generated231

response o for a given input q can be evaluated232

by a reward function R(q,o). To align the model233

with desired behaviors, RL fine-tuning maximizes 234

the expected reward while constraining the policy 235

to remain close to a reference model πref . The 236

optimization objective is: 237

J (θ) = Eq∼pQ, o∼πθ(·|q)[
R(q,o)− β DKL

(
πθ(·|q)∥πref(·|q)

)] (1) 238

here, pQ is the distribution of input queries, and β 239

controls the strength of KL regularization. 240

Prevailing RL approaches, such as PPO (Schul- 241

man et al., 2017), optimize the objective in Equa- 242

tion 1 using policy gradient methods. Unlike PPO, 243

which typically relies on Generalized Advantage 244

Estimator (Schulman et al., 2015), Group Rela- 245

tive Policy Optimization (GRPO) (Zhang and Zuo, 246

2025) avoids a separate value network by comput- 247

ing sample-wise advantages directly from normal- 248

ized rewards across a group of rollouts. Specifi- 249

cally, let D = {(q, a)} represent a dataset of ques- 250

tion–answer pairs. For each sample q, a group of 251

G individual responses {oi}Gi=1 is generated the 252

old policy πθold and assigned rule-based rewards 253

{Ri}Gi=1. The estimated advantage Âi,t is identi- 254

cal across all tokens within a response, which is 255

derived from the group rewards as: 256

Âi,t = Âi =
ri −mean({Ri}Gi=1)

std({Ri}Gi=1)
(2) 257

GRPO adapts PPO’s clipped objective to opti- 258

mize Equation 1 using the group-level advantage 259

estimate: 260

JGRPO(θ) = E(q,a)∼D,{oi}Gi=1∼πθold
(·|q)[

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

(
min(ρi,t(θ)Âi,t,

clip
(
ρi,t(θ), 1− ϵ, 1 + ϵ

)
Âi,t

)
− βDKL(πθ∥πref)

)]
(3) 261

where ρi,t(θ) =
πθ(oi,t|q,oi,<t)

πθold
(oi,t|q,oi,<t)

is the importance 262

weight. 263

Crucially, the per-sample advantage is computed 264

from rewards and remains static throughout an 265

epoch or even the entire training process for that 266

sample in those algorithms. Under optimization 267

with static advantage estimates, all successful roll- 268

outs are treated equally regardless of their infor- 269

mativeness, which limits the adaptability of such 270

methods to the model’s evolving capabilities as 271

discussed in Section 1. 272
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3.2 ADORA273

To better leverage the heterogeneous quality and274

utility of training trajectories, we propose ADORA,275

which dynamically calibrates advantage estimates276

by re-weighting samples according to their utility277

within the current epoch. Specifically, ADORA278

classifies samples into Temporarily Advantageous279

Samples (TAS) and Temporarily Disadvantageous280

Samples (TDS) based on the model’s live rollouts.281

The core idea is to focus the model’s learning282

effort on TAS, with this classification evolving283

dynamically as training progresses.284

Formally, for each sample s, we define a scalar285

weight ws ∈ R+ and apply it to the normalized286

advantage:287

Ãs = ws · Âs (4)288

where Âs = {Âs
i}Gi=1 and each Âs

i is computed289

according to Equation 2.290

Since ws is sample-level and independent of291

token-level actions, this modification preserves the292

unbiased nature of the policy gradient.293

When extending the weighted formula from a294

single sample to the formal training of multiple295

samples, the classification criteria of TAS/TDS and296

the corresponding weight settings become critical.297

In other words, two key questions arise:298

1. How to determine whether a sample belongs299

to TAS or TDS?300

2. How to assign a corresponding weight ws that301

reflects its training utility?302

3.2.1 Criteria for Sample Differentiation303

A central challenge in RL with reasoning models304

is that not all successful rollouts are equally useful305

for driving progress. If all trajectories are treated306

uniformly, optimization can be dominated either by307

shallow successes or by overly easy cases, both of308

which provide limited value for advancing reason-309

ing ability. ADORA introduces Length Advantage310

and Difficulty Advantage as guiding criteria for311

distinguishing samples throughout training.312

Length Advantage. When advantage estimates313

are static, short or superficial responses that achieve314

high initial rewards may dominate the optimiza-315

tion signal. Such cases often exploit shortcuts316

rather than demonstrating genuine reasoning depth,317

which can cause the model to overfit to trivial pat-318

terns. To distinguish genuine deliberation from319

such shortcuts, ADORA operates on a key intuition320

that longer successful trajectories are more likely 321

to reflect extended deliberation, making them more 322

valuable for cultivating robust reasoning skills. For- 323

mally, we define a sample s as having a Length 324

Advantage if the following condition is met: 325

Lenadv ⇐⇒ Ls
max_succ > L̄s

fail (5) 326

where Ls
max_succ is the length of the longest suc- 327

cessful rollout and L̄s
fail is the average length of 328

unsuccessful rollouts. 329

Difficulty Advantage. While length helps filter 330

out shallow reasoning, it is not sufficient on its own. 331

Many samples can involve long reasoning paths, 332

yet still be relatively easy for the model, yielding 333

abundant but uninformative training signals. To 334

address this, we incorporate sample difficulty, em- 335

phasizing examples that are still challenging for the 336

current model. These difficult samples are more 337

instructive, as they provide stronger learning sig- 338

nals and encourage the model to expand beyond 339

its current competence. We consider a sample s to 340

have a Difficulty Advantage if: 341

Diffadv ⇐⇒ 0 < Rs
succ ≤ τ (6) 342

where Rs
succ denotes the proportion of successful 343

rollouts among all rollouts of sample s, and τ is a 344

predefined threshold. 345

Together, Length and Difficulty Advantages of- 346

fer complementary perspectives: the former filters 347

out shallow successes, while the latter ensures that 348

training is guided by samples that are both chal- 349

lenging and rich in reasoning content. 350

3.2.2 Adaptive Advantage for Weak and 351

Strong Reasoning Models 352

Different models exhibit distinct behaviors during 353

RL sampling due to variations in their reasoning 354

capabilities. Weaker models often overfit to simple 355

shortcuts and need guidance to develop deeper rea- 356

soning, while stronger models, already equipped 357

with robust capabilities, benefit from strategies 358

that emphasize challenging and instructive samples. 359

ADORA adapts its advantage calibration to these 360

differing needs, providing targeted learning signals 361

for models with varying reasoning capabilities. 362

Visual language models (VLMs), representing 363

weak reasoning models, often exhibit limited rea- 364

soning capabilities in the early stages of RL train- 365

ing. During the rollout phase, responses that lack 366

sufficient reasoning but achieve immediate rewards 367

can dominate the optimization signal, steering the 368
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Table 1: Avg@3 performance on various benchmarks. Dashes (–) denote unavailable official scores. Bold highlights
the best result within each group.

Model MathVista MathVerse MathVerse
(mini_Vision_Only)

DynaMath Overall

Claude 3.7-Sonnet 66.8 51.4 46.7 - -
Gemini2-flash 59.1 59.3 47.8 - -
MM-EUREKA-7B 72.7 50.6 48.3 - -
MMR1-math-v0 70.2 49.8 45.1 - -
Vision-R1-7B 73.5 52.4 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 44.1 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 the369

acquisition of advanced reasoning skills. Conse-370

quently, ADORA employs an attenuation strategy,371

treating samples that fail to meet the Length Advan-372

tage criterion as TDS and suppressing their learn-373

ing signals. Formally, we introduce an attenuation374

hyperparameter λatt ∈ (0, 1) and define the sample375

weight as:376

ws =

{
1, if Lenadv

λatt, otherwise
(7)377

where TAS retain their full advantage signal (ws =378

1) and TDS are down-weighted (ws < 1). This379

attenuation mechanism reduces the influence of380

unpromising samples that do not contribute to long-381

horizon reasoning.382

In contrast, large language models (LLMs) pos-383

sess stronger reasoning abilities at initialization,384

enabling solid performance on reasoning-intensive385

tasks. During RL training, models strengthen their386

reasoning ability, which naturally leads to longer387

responses and allows more samples to contribute388

meaningful learning signals. Accordingly, the389

focus shifts from denoising to breaking learning390

plateaus. Strong models require stronger signals391

from high-quality, challenging samples to continue392

improving. Adora therefore adopts an amplifica-393

tion strategy, identifying samples that meet both394

the Length and Difficulty Advantage criteria as395

TAS, and strengthening their contribution to the396

optimization process via an amplification hyperpa-397

rameter λamp > 1. We assign: 398

ws =

{
λamp, if Lenadv & Diffadv

1, otherwise
(8) 399

This amplification effect reinforces learning from 400

challenging and instructive samples, promoting 401

curriculum-style progression. 402

Overall, ADORA introduces a general and 403

lightweight mechanism to enhance RL via dy- 404

namic advantage calibration. By dynamically re- 405

weighting samples according to their utility, it en- 406

ables more targeted and effective policy optimiza- 407

tion across diverse model regimes. 408

4 Experiment 409

To empirically validate the efficacy of ADORA, we 410

conduct a series of controlled experiments. Section 411

4.1 first reports the results of VLM geometry rea- 412

soning tasks and Section 4.2 presents the results of 413

LLM mathematical reasoning tasks. 414

Setup. We employ GRPO as the base RL algo- 415

rithm, with ADORA integrated upon it. All RL 416

experiments are implemented under the verl frame- 417

work (Sheng et al., 2024), utilizing Math-Verify for 418

rule-based outcome verification. For VLM tasks, 419

all experiments are conducted using 2,000 samples 420

from the Geometry3K training set (Lu et al., 2021). 421

For LLM tasks, we conduct RL training on using 422

the MATH500 training set (Lightman et al., 2023), 423

which contains 12,000 samples. In our experiments, 424
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Table 2: Avg@3 performance on various math benchmarks. Bold represents the best performance in each group.

Model GSM8K MATH500 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 3.3 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) 30.52 (+1.72)

Mistral-v0.1-7B 21.2 5.4 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) 30.4 (+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 5.3 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 13.3 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-425

old τ = 0.5, the attenuation weight λatt = 0.1,426

the amplification weight λamp = 2, and additional427

detailed training hyperparameter settings are pro-428

vided in Appendix A.1. To ensure reproducibility429

and robustness, we conduct three separate runs and430

report the average performance to mitigate random431

variations.432

Evaluation. For evaluation, VLM performance is433

primarily assessed on MathVista (Lu et al., 2023),434

Math Verse (Zhang et al., 2024) and DynaMath435

(Zou et al., 2024) datasets. For evaluation on436

LLM tasks, we mainly focus on seven widely used437

math reasoning benchmarks, including GSM8K438

(Cobbe et al., 2021), MATH500 (Hendrycks et al.,439

2021), AMC23 (Li et al., 2024), CollegeMath440

(Tang et al., 2024), OlympiadBench (He et al.,441

2024), and AIME24. For all these benchmarks,442

we report the avg@3 results and setting the sam-443

pling temperature to 0.444

4.1 VLM445

Baselines. Recent works(Meng et al., 2025;446

Leng* et al., 2025; Huang et al., 2025) have re-447

produced R1 on VLMs. We take these methods448

as baselines for comparison and further analyze449

the amount of training data consumed by different450

approaches (see Appendix A.2). It demonstrates451

that ADORA achieves superior performance while452

operating without a cold start and utilizing minimal453

data. Furthermore, we conduct RL experiments454

across multiple model families—including Qwen455

(Bai et al., 2025), Gemma (Team et al., 2025), and456

InternVL (Zhu et al., 2025)—evaluating ADORA457

against the vanilla GRPO baseline.458

Results. The results in Table 1 indicate that 459

ADORA consistently outperforms the vanilla 460

GRPO baseline across diverse model families and 461

varying parameter scales. Compared to other open- 462

source models with 7B parameters, ADORA deliv- 463

ers the best performance. On MathVista, it matches 464

Vision-R1-7B (Huang et al., 2025) and substan- 465

tially outperforms advanced closed-source models. 466

Moreover, on MathVerse and DynaMath, ADORA 467

surpasses peer models of the same size by a large 468

margin. In conjunction with Table 5, ADORA does 469

not rely on the cold-start and achieves state-of-the- 470

art (SOTA) performance on nearly all benchmarks 471

with only 2,000 samples. This provides strong 472

evidence that dynamically adjusting advantage esti- 473

mates during training effectively guides the model 474

to learn from more beneficial samples, thereby en- 475

hancing its generalization capability. 476

4.2 LLM 477

Baselines. Employing models from the Qwen 478

(Yang et al., 2024), Mistral (Albert Q. Jiang et al., 479

2023), and LLaMA (Grattafiori et al., 2024) fam- 480

ilies, we compare ADORA against the vanilla 481

GRPO baseline to evaluate its effectiveness. 482

Results. As shown in Table 2, training with 483

ADORA consistently improves the performance of 484

vanilla GRPO across a range of mathematical rea- 485

soning benchmarks. Specifically, ADORA boosts 486

the overall average performance across all model 487

families by margins ranging from 0.83% to 3.50%. 488

Notably, substantial gains are achieved on challeng- 489

ing datasets such as AMC23 and MATH500, while 490

improvements are consistently observed across all 491

remaining tasks. In summary, these results confirm 492

6



0 50 100 150 200 250 300
Training Steps

0.64

0.66

0.68

0.70

0.72

0.74

0.76

0.78

0.80
Ac

cu
ra

cy
(%

)
Vanilla-GRPO +ADORA

(a) LLM

0 50 100 150 200 250
Training Steps

0.30

0.35

0.40

0.45

0.50

0.55

0.60

0.65

0.70

Tr
ai

ni
ng

 R
ew

ar
d

Vanilla-GRPO +ADORA

(b) VLM

Figure 1: Comparison of vanilla GRPO vs. integration
with ADORA for the training of Qwen models.

that ADORA is a robust, versatile, and effective493

plug-and-play enhancement. It is universally ap-494

plicable across diverse model architectures, yield-495

ing the most significant improvements on tasks de-496

manding complex reasoning when integrated with497

GRPO.498

5 Analysis499

Beyond achieving superior aggregate performance,500

an understanding of how ADORA improves rea-501

soning is crucial. This section analyzes ADORA’s502

impacts on model behavior and learning character-503

istics. First, Section 5.1 compares ADORA and504

vanilla GRPO throughout the training process and505

analyzes the notable thinking patterns evolved by506

the model. Subsequently, we conduct a compre-507

hensive series of ablation studies in Section 5.2 to508

verify the method’s robustness and design choices,509

covering hyperparameter sensitivity, the formula-510

tion of ADORA’s advantage criteria, and the ef-511

fectiveness of integrating with different RL algo-512

rithms.513

5.1 Empirical Study514

Training Comparison. Figure 1a compares515

ADORA with the GRPO baseline throughout train-516

ing on LLM tasks. While the performance gap is517

modest in early stages, a clear divergence emerges518

as training progresses. Uniform weighting in519

vanilla GRPO induces diminishing returns, where520

redundant or noisy samples (TDS) hinder further521

improvement. Conversely, ADORA selectively am-522

plifies the reward signal of high-value samples523

(TAS), increasing the marginal effectiveness of524

each update. This results in two key advantages:525

(i) Superior efficiency—ADORA reaches a reward526

of 0.75 within 100 steps, whereas GRPO fails to527

do so even after 250 steps; (ii) Higher performance528

ceiling—by dynamically suppressing noise and pri-529

oritizing reasoning-intensive and difficult samples,530

ADORA achieves stronger performance under the531

same data budget.532

Figure 2: Distribution of Reasoning-Related Keywords
for ADORA and vanilla GRPO.

In contrast to the LLM setting, Figure 1b reveals 533

a distinct training trajectory for VLMs. ADORA’s 534

attenuation mechanism yields smaller gradient up- 535

dates on TDS, leading to training performance com- 536

parable to or slightly below Vanilla-GRPO. How- 537

ever, while the baseline may achieve a marginally 538

higher training reward by over-fitting to visual 539

shortcuts or low-quality reasoning patterns inherent 540

in the training set, ADORA effectively suppresses 541

these noisy signals. By prioritizing samples with a 542

genuine Length Advantage, the model is compelled 543

to develop more robust and intrinsic reasoning ca- 544

pabilities rather than relying on superficial corre- 545

lations. This advantage is clearly evidenced in the 546

out-of-domain downstream tasks presented in Ta- 547

ble 1, where ADORA-trained models consistently 548

outperform the baseline. 549

Thinking Pattern. To analyze how ADORA re- 550

shapes the model beyond final accuracy, we inves- 551

tigate the reasoning behaviors of models trained 552

with ADORA and vanilla GRPO. 553

One of the most direct indicators of explicit rea- 554

soning is the frequency of reflective vocabulary. As 555

shown in Figure 3, ADORA-trained models exhibit 556

two prominent linguistic trends: increased use of 557

core reflective terms (e.g., verify, evaluate, con- 558

sider, check) and more frequent transitional mark- 559

ers (e.g., but, however), both signaling structured 560

and deliberate reasoning. In contrast, the frequency 561

of the word step—which often signifies a rigid, for- 562

mulaic thinking mode—drops significantly. This 563

shift indicates that ADORA encourages models to 564

prioritize self-monitoring and logical verification, 565

facilitating a transition from rigid imitation toward 566

more autonomous and reflective reasoning. 567

The right-shifted and heavier-tailed token length 568

distributions in Figure 8 show that ADORA pro- 569

duces longer answers across benchmarks, reflecting 570

its distinct thinking patterns compared to vanilla 571

GRPO. To distinguish whether this increase re- 572

flects deeper reasoning on difficult problems or 573
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Figure 3: Hyperparameter ablation of τ , λatt and λamp

unnecessary overthinking, we introduce the Over-574

thinking Score (Cuadron et al., 2025). A higher575

score indicates a greater degree of overthinking.576

As shown in Table 7, ADORA demonstrates an577

adaptive calibration of reasoning depth: on the sim-578

pler GSM8K, it maintains a score comparable to579

GRPO, whereas on the challenging AIME24, it580

achieves a significantly lower overthinking score581

(40.1 vs. 44.8). This suggests that ADORA effec-582

tively distinguishes between productive reflection583

and redundant computation, encouraging deeper584

reasoning only when task complexity demands it.585

5.2 Ablation Study586

Hyperparameter Sensitivity. We perform an ab-587

lation experiment on the difficulty threshold in588

Eq. 6. Following standard principles from curricu-589

lum learning and adaptive sampling, a sample’s590

priority is increased whenever its accuracy falls be-591

low this threshold, reflecting the need to allocate592

more learning resources to harder problems. We593

ablate the threshold over τ ∈ {0.25, 0.5, 0.75, 1}594

and find that τ = 0.5 consistently achieves the595

best balance between easy tasks (GSM8K) and596

hard tasks (AIME24), effectively distinguishing597

between "mastered" and "unmastered" samples.598

For the attenuation weight in Eq. 7, our exper-599

iments show that when λatt < 1, TDS samples600

are effectively down-weighted, consistently out-601

performing vanilla GRPO. The best results are ob-602

tained within λatt ∈ [0.05, 0.2], confirming that for603

VLMs with relatively weaker reasoning abilities,604

attenuation reliably acts as a denoising mechanism,605

preventing the policy from being misled by low-606

quality rollouts.607

For LLM training, Performance consistently ex-608

ceeds the vanilla-GRPO for amplification weights609

in the range λamp ∈ (1, 3], with a stable optimum610

observed around λamp ∈ [1.5, 2.5]. This indicates611

that for models with strong reasoning capabilities,612

amplifying the gradients of high-quality and diffi-613

cult samples provides a training benefit.614

Advantage Criteria. We investigate the impact615

of different advantage criteria in ADORA by com-616

paring the effects of using Length Advantage, Dif-617

GSM8K MATH500 AMC23 CollegeMath OlympiadBench AIME24 Average

Benchmark
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Figure 4: Comparison between DAPO baseline and
ADORA.

ficulty Advantage, and their combination on LLM 618

and VLM tasks. As shown in Figure 9a, for LLM 619

tasks, the joint criterion consistently outperforms 620

either individual criterion across multiple bench- 621

marks. Among the single criteria, the Length Ad- 622

vantage is more effective on moderately difficult 623

tasks, while the Difficulty Advantage yields clear 624

benefits on harder benchmarks. We further evalu- 625

ate the performance of VLMs using the joint cri- 626

terion (in Figure 9b), yet observe no significant 627

gains over applying Length Advantage alone. This 628

suggests that the primary benefit for VLMs stems 629

from filtering out shallow or spurious reasoning pat- 630

terns—essentially a denoising process facilitated 631

by Length Advantage—rather than from the ex- 632

plicit prioritization of task complexity. 633

RL Algorithms. To verify the generality of 634

ADORA across different RL training algorithms, 635

we additionally conduct ablation experiments by 636

integrating ADORA with DAPO (Yu et al., 2025). 637

ADORA further enhances the already strong DAPO 638

baseline, increasing its overall accuracy from 639

57.5% to 59.9% (see Figure 4). These results 640

demonstrate that ADORA consistently improves 641

performance across different RL algorithms, con- 642

firming its broad applicability. 643

6 Conclusion 644

ADORA dynamically calibrates reinforcement 645

learning advantages via online rollouts, signifi- 646

cantly enhancing reasoning performance and ef- 647

ficiency for both LLMs and VLMs by differentiat- 648

ing sample utility. Further analysis elucidates the 649

mechanisms behind ADORA’s effectiveness, de- 650

tailing its influence on reflective reasoning patterns, 651

output elaboration, adaptive learning trajectories, 652

and overall reasoning capabilities. 653
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Limitations654

While ADORA demonstrates consistent improve-655

ments, several limitations remain. First, the task-656

specific differentiation strategies may require re-657

design when applied to new domains, limiting out-658

of-the-box generalizability. And ADORA’s effi-659

cacy is tied to rollout quality; if the base model660

produces low-quality reasoning trajectories, the661

TAS/TDS classification may become unreliable.662

What’s more, our evaluation primarily focuses on663

mathematical and geometric reasoning, leaving ap-664

plicability to other scenarios (e.g., commonsense665

reasoning, agentic tasks) unexplored. Finally, in-666

tegration with advanced RL techniques beyond667

GRPO warrants further investigation.668
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A Training Details885

A.1 Training Hyperparameters886

The detailed training hyperparameters are provided887

in Tables 3 and 4, and all experiments are con-888

ducted on 8 NVIDIA A100 GPUs, each equipped889

with 80 GB of memory.890

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 Sizes891

Table 5 summarizes the training resource configura-892

tions of ADORA and other baselines, detailing the893

amount of data consumed at different post-training894

stages. The results demonstrate that ADORA895

achieves competitive effectiveness while maintain-896

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) 9.3k (open-source)
MMR1-math-v0 None 6k (open-source)
Vision-R1-7B 200k (synthetic data) 10k (open-source)
ADORA (ours) None 2k (open-source)

897

B Additional Experiments 898

B.1 Data Scalability 899

A key question is whether ADORA’s benefits per- 900

sist as training data scales. As shown in Table 6, 901

We scaled the VLM training set from 2k to 10k 902

samples. Results indicate that ADORA maintains a 903

robust lead over GRPO. Crucially, ADORA trained 904

on 2k samples (73.5%) outperforms GRPO trained 905

on 10k samples (71.6%), highlighting its extreme 906

sample efficiency. With 10k samples, ADORA 907

further improves to 74.4%. This trend shows that 908

ADORA continues to amplify the marginal benefits 909

of sample selection as data volume increases, mak- 910

ing it increasingly effective in larger-scale settings. 911

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.

Model MathVista MathVerse
MathVerse

(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 53.3 54.0
+ ADORA (2k) 73.5 52.9 48.6 58.7 58.4

+ GRPO (10k) 71.6 50.6 45.3 53.8 55.3
+ ADORA (10k) 74.4 53.5 50.1 59.8 59.4

B.2 How Adora affects the learning trajectory 912

of RL? 913

Through both visualization and quantitative anal- 914

ysis on 2K samples of the Geometry3K dataset, 915

we investigate how ADORA distinguishes between 916

TAS and TDS throughout training iterations, and 917

how this distinction guides the model to tackle 918

more challenging problems progressively. 919

Figure 5 and Figure 6 reveal that ADORA per- 920

forms better when selecting half of the data in each 921

epoch, and the number of “selected samples" de- 922

creases as the epochs progress. In terms of dif- 923

ficulty, "unselected samples" are mostly simple 924

ones, while more difficult samples tend to require 925

repeated selection as "selected samples" for addi- 926

tional training. However, as the epochs progress, 927

the model consistently fails to find the correct 928

answers for over 600 difficult samples. Mean- 929

while, an increasing number of mastered tasks are 930

added to the "unselected samples", meaning they 931

no longer require excessive training by the model. 932

Compared to the vanilla GRPO method, 933

ADORA employs an “Easy to hard; iterate if chal- 934

lenged" optimization strategy in its learning trajec- 935

tory, enabling the model to build a more robust ca- 936
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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).

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 harder937

samples. This dynamic sample prioritization mech-938

anism not only accelerates the model’s generaliza-939

tion on medium-difficulty examples but also sig-940

nificantly reduces redundant training on easy ones,941

making it a key factor in ADORA’s performance942

breakthroughs on geometry reasoning tasks.943

B.3 PASS@K: ADORA vs. GRPO944

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

The Pass@K metric, which assesses if a model945

can correctly solve a problem in at least one of K946

attempts (thus indicating its upper-bound reasoning 947

capability), was used to compare ADORA against 948

GRPO in Figure 7. Consistent with prior findings 949

(Yue et al., 2025), We manually inspect to ensure 950

that the problem-solving process is not coinciden- 951

tal and observe that ADORA consistently outper- 952

formed or matched GRPO across benchmarks, with 953

both RL methods significantly surpassing the base 954

model at smaller K values. Interestingly, while the 955

base model sometimes overtook both at larger K, 956

ADORA notably achieved 100% accuracy on the 957

AMC dataset with fewer than 64 samples, outper- 958

forming both GRPO and the base model. 959

These Pass@K comparisons highlight ADORA’s 960

strength: it not only improves efficiency in reaching 961

known solutions but also appears to expand the set 962

of viable reasoning paths the model can explore. 963

This creates a broader "solvable problem space," 964

enabling ADORA-trained models, given enough 965

attempts, to solve problems where GRPO-trained 966

counterparts might still struggle. 967

B.4 Thinking Pattern 968

ADORA exhibits a moderate and controlled in- 969

crease in response length compared to GRPO, en- 970

suring the generation remains efficient.

Figure 8: Comparison of Token Length Distributions
Generated by GRPO and ADORA across Various Rea-
soning Benchmarks. 971

B.5 Results of Advantage Criteria Ablation 972

(a) LLM (b) VLM

Figure 9: Ablation Results on Advantage Criteria
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B.6 Overthinking973

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

Model GSM8K AIME24

GRPO 31.5 44.8
+ADORA 32.2 40.1
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C Study Cases 974

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 975

We use GPT-4o to evaluate the model’s overthinking. Specifically, for GSM8K and AIME24, we sample 976

50% of the outputs from each model and score them accordingly. The prompt is shown in Figure 12 and 977

13. 978
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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 AI 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.

17



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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