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Abstract001

Within the domain of large language models,002
reinforcement fine-tuning algorithms necessi-003
tate the generation of a complete reasoning tra-004
jectory beginning from the input query, which005
incurs significant computational overhead dur-006
ing the rollout phase of training. To address007
this issue, we analyze the impact of different008
segments of the reasoning path on the correct-009
ness of the final result and, based on these010
insights, propose Reinforcement Fine-Tuning011
with Partial Reasoning Optimization (RPO),012
a plug-and-play reinforcement fine-tuning al-013
gorithm. Unlike traditional reinforcement fine-014
tuning algorithms that generate full reasoning015
paths, RPO trains the model by generating suf-016
fixes of the reasoning path using experience017
cache. During the rollout phase of training,018
RPO reduces token generation in this phase by019
approximately 95%, greatly lowering the theo-020
retical time overhead. Compared with full-path021
reinforcement fine-tuning algorithms, RPO re-022
duces the training time of the 1.5B model by023
90% and the 7B model by 72%. At the same024
time, it can be integrated with typical algo-025
rithms such as GRPO and DAPO, enabling026
them to achieve training acceleration while027
maintaining performance comparable to the028
original algorithms.029

1 Introduction030

In recent years, large language models (LLMs)031

(OpenAI et al., 2024b; Touvron et al., 2023; Zeng032

et al., 2023) have achieved remarkable break-033

throughs in reasoning and generalization capabil-034

ities (Wang et al., 2025b), particularly after the035

introduction of reinforcement learning during the036

post-training stage (Ouyang et al., 2022). Pioneer-037

ing works such as OpenAI’s O1 (OpenAI et al.,038

2024a) and DeepSeek-R1 (DeepSeek-AI et al.,039

2025) have demonstrated impressive reasoning-040

time efficiency, primarily due to the synergistic041

combination of reinforcement learning and chain-042

of-thought (CoT) reasoning (Wei et al., 2023). This043

paradigm shift highlights the transformative poten- 044

tial of Reinforcement Learning-based post-training 045

in pushing the boundaries of LLM performance. 046

Despite its promising prospects, applying rein- 047

forcement learning in post-training remains im- 048

mature. In terms of time overhead, Reinforce- 049

ment Learning fine-tuning typically generates a 050

large number of samples during the sampling stage. 051

However, parameter updates cannot proceed un- 052

til all samples are completed, resulting in severe 053

underutilization of computational resources. Al- 054

though some asynchronous Reinforcement Learn- 055

ing approaches exist, the off-policy nature of the 056

optimization process requires more training itera- 057

tions. Furthermore, during Reinforcement Learn- 058

ing fine-tuning of language models, rewards are 059

usually computed only after generating the final to- 060

ken based on task-specific criteria. This paradigm, 061

known as Reinforcement Learning with Verifiable 062

Rewards (Lambert et al., 2025; Wang et al., 2025a), 063

lacks intermediate feedback and produces sparse 064

rewards. Such sparsity hinders the model’s ability 065

to learn optimal policies and contributes to training 066

instability (Lightman et al., 2023). 067

We observe that a significant underlying is- 068

sue stems from the policy model’s need to iden- 069

tify a reasoning trajectory from the beginning 070

of the problem to the correct answer. This ap- 071

proach—comparing entire reasoning paths using 072

policy gradients—leads to excessive randomness 073

during the sampling phase. Although it expands 074

the search space, it often fails to find suitable rea- 075

soning paths, resulting in inefficient sampling and 076

high variance. 077

An alternative perspective arises: since explor- 078

ing a complete reasoning path from the beginning 079

of the problem introduces various drawbacks, why 080

not train the policy model to complete a reasoning 081

path based on partially correct reasoning pro- 082

cess hint instead? We found that this is feasible. 083

Through our experiments, enabling the model to 084
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complete correct reasoning paths can still effec-085

tively teach it to generate whole reasoning trajecto-086

ries from the initial problem statement. Based on087

this insight, we propose the Replay-based Policy088

Optimization(RPO). Our method is grounded in a089

reasonable assumption: the early tokens of a rea-090

soning path that leads to the correct answer are091

more likely to guide the model toward the correct092

reasoning trajectory. Furthermore, we investigate093

the relationship between the length of the truncated094

trailing tokens and the model’s generation accuracy.095

As shown in Figure 1, the initial tokens of correct096

answers play a crucial role in guiding the model097

toward correct solutions, and longer prefix lengths098

are positively correlated with higher generation099

accuracy.100

Specifically, we construct a cache pool for rein-101

forcement fine-tuning to store previously generated102

reasoning paths and continuously update it during103

training. After completing the sampling genera-104

tion stage for each question, we add the reasoning105

path that leads to the correct answer into the cache.106

When the same question is encountered again, we107

retrieve the first n tokens of the corresponding rea-108

soning path from the cache, prepend them to the109

prompt, and then perform sampling generation. At110

the same time, we design a reward function that111

adaptively adjusts based on response length to im-112

prove the accuracy of gradient estimation in the113

experience caching scenario.114

Experimental results show that this method is115

plug-and-play, concise and effective, enhances116

training stability during the reinforcement learn-117

ing stage, significantly reduces the policy model’s118

sampling time cost, and achieves performance im-119

provements.120

We propose RPO, a novel framework for rein-121

forcement fine-tuning of LLMs, introducing an ex-122

perience replay mechanism in the sampling stage.123

Key advantages are: plug-and-play: allowing easy124

integration into other Reinforcement Learning fine-125

tuning methods; reduced resource consumption:126

achieving up to 92.6% faster training; strong sta-127

bility: mitigating common Reinforcement Learn-128

ing instability in reasoning models.We evaluated129

RPO on Deepseek-R1-Distill-Qwen 1.5B and 7B130

models across six datasets. The results show that131

training time was reduced by approximately 90%,132

and compared to full-path exploration in GRPO133

and DAPO, performance improved by about 2%.134

Figure 1: The top figure shows the DeepSeekR1-Qwen-
Distill-7b and DeepSeekR1-Qwen-Distill-1.5b mod-
els. For each question, an initial answer is generated
and then truncated; from the truncation point, 256 an-
swers are subsequently generated, and the relation-
ship between truncation length and the overall aver-
age accuracy is analyzed. The bottom figure shows
256 answers generated for each training question. An-
swers exceeding 2048 tokens are selected, and BERT
is used to measure the similarity between equal-length
prefix segments. The similarity metric is defined as:
sim = 2

n(n−1)

∑n−1
i=1

∑n
j=i+1

BERT(si)·BERT(sj)⊤

∥BERT(si)∥ ∥BERT(sj)∥ .

2 Related Work 135

Reinforcement Fine-Tuning. Reinforcement 136

Fine-Tuning (RFT) guides the model fine-tuning 137

process through the reward mechanisms of rein- 138

forcement learning, greatly enhancing generaliza- 139

tion and accuracy. Kimi v1.5 (Team et al., 2025) 140

and ReFT (Luong et al., 2024) employ traditional 141

Proximal Policy Optimization (PPO) (Schulman 142

et al., 2017) for RFT and have demonstrated ex- 143

cellent performance. DeepSeek-R1 (DeepSeek- 144

AI et al., 2025) adopts GRPO and uses verifiable 145

reward strategies to compute policy gradients di- 146

rectly. DAPO (Yu et al., 2025) further optimizes 147

GRPO to improve training stability. 148

Experience Replay. Recently, a small portion of 149

work has also explored experience replay. For ex- 150

ample, TreePO(Li et al., 2025) organizes sequences 151

into tree structures, accelerating the rollout phase 152

and achieving some performance improvement. 153

SegmentPO (Guo et al., 2025) leverages subtree in- 154

formation to provide process supervision for each 155

node. BREAD (Zhang et al., 2025) combines the 156

SFT and RFT stages and attempts to incorporate 157
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prefixes of correct answers when reasoning fails.158

However, these approaches focus on tree construc-159

tion, resulting in relatively complex algorithms,160

and the acceleration in reasoning is not particu-161

larly significant. RPO focuses on improving the162

accuracy of gradient estimation through a minimal163

revision of the reward function, and combines this164

with experience caching to achieve simultaneous165

improvements in training speed and performance.166

3 Method167

The overall framework of our method is illustrated168

in Figure 2 and consists of three main components.169

The first component involves cache initialization.170

In the second component, subsequent responses are171

rolled out based on the initialized cache and subse-172

quently optimized. The third component updates173

the cache pool using an ϵ-greedy strategy.174

3.1 Cache Pool Initialization175

First, we denote the dataset of samples as D =176

{qk}Nk=1, where qk represents the k-th question in177

the dataset. We denote the initial model parameters178

as θ0, and we represent the model’s answering179

policy by πθ0 . Before training begins, we initialize180

the cache pool as C(0) as follows:181

C(0) = {(qk, ak) | ak ∼ πθ0(·|qk), ∀qk ∈ D} .
(1)182

This stage uses the initial model policy to sample183

the dataset D. To retrieve the response ak corre-184

sponding to question qk from the cache pool, we185

define the retrieval operation as:186

ak := {a | (qk, a) ∈ C}. (2)187

Here, ak denotes the answer associated with ques-188

tion qk in the cache pool C.189

3.2 Rollout And Optimization190

Rollout. At each rollout stage, we use the RPO191

strategy to retrieve the historical response ak for192

each question qk from the cache pool C. We then193

remove the last m tokens and concatenate the re-194

maining prefix with qk to construct the input in-195

struction, thereby generating a new response o. We196

express this process as:197

o = a
[0:−m]
k ∥πθ

(
· | qk, a

[0:−m]
k

)
, (3)198

where ak :={a |(qk, a)∈C},m∼U{0,1, ...,L}.,L199

is the maximum truncation length, U{0, 1, ..., L}200

samples a truncation point uniformly from [0, L],201

a
[0:−m]
k truncates the last m tokens of ak, and 202

πθ(·|qk, a
[0:−m]
k ) generates a new continuation 203

based on the question and prefix. In this paper, 204

L is either fixed or set dynamically based on the 205

shortest response in a sampling group G, denoted 206

as ℓ, where: 207

ℓ = min{len(o1), len(o2), . . . , len(oG)}. (4) 208

Replay-based Policy Optimization. After com- 209

pleting the sampling generation, RPO adopts 210

Group Relative estimation of advantage. For a 211

given question-answer pair (qk, ak), the behavioral 212

policy πθt−1 samples a group of G individual re- 213

sponses {oi}Gi=1 from the model. Then, by normal- 214

izing the group rewards {Ri}Gi=1, the advantage of 215

each response is computed as: 216

JRPO(θt) = E(q,a)∼C(t−1), o1:G∼πθt
2171

G

G∑
i=1

1

|oi|

|oi|∑
j=1

ℓi,j(θt)

−βDKL(πθt∥πref) , (5) 218

where the token-level RPO loss is defined as: 219

ℓi,j(θt) = min
(
ri,j(θt)Âi,j ,

clip
(
ri,j(θt), 1± ϵ

)
Âi,j

)
.

(6) 220

The probability ratio and the normalized advantage 221

are given by 222

ri,j(θt)=
πθt(oi,j |q, oi,<j)

πθt−1(oi,j |q, oi,<j)
, Âi,j=

Ri−µR

σR
,

(7) 223

where µR and σR denote the mean and standard 224

deviation of {Ri}Gi=1, respectively. 225

Since RPO is policy-agnostic, we propose a 226

unified forward reinforcement learning paradigm 227

based on experience replay. We can then write the 228

policy gradient function of RPO in a more general 229

form as: 230

∇θJRPO(θ) = E(q,o)∼C︸ ︷︷ ︸
Data Source

231

(
1

|o|

|o|∑
j=1

G(q, o, j, πref )︸ ︷︷ ︸
Gradient Coefficient

∇θlog πθ(oj |q, o<j)

)
(8) 232

Equation 8 is derived from the standard policy 233

gradient formulation. The above equations indi- 234

cate that only the sampling stage is affected by 235

RPO, while the policy gradient function remains 236
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Figure 2: Overview of the RPO framework. The entire training process is described as follows: Cached answer
fragments are used by the model to generate new responses; either the best or a random response is selected based
on the reward system for optimization; and the cache is continuously updated to improve training efficiency and
stability.

unaltered. As a result, RPO exhibits a plug-and-237

play nature and can be easily integrated into other238

reinforcement fine-tuning algorithms.239

Compared with traditional full-path reasoning240

optimization, RPO introduces previously sampled241

historical response trajectories as constraints dur-242

ing subsequent sampling. In this way, the pol-243

icy space πθ explored during training is restricted.244

This constraint regularizes the gradient descent245

space during learning, which can be expressed as:246

V ar(∥∇θJRPO∥2) ≤ V ar(∥∇θJALL∥2). (9)247

where,∇θJALL represents the gradient of the full-248

path reasoning optimization. Theoretically, our249

method enables a more stable training process.250

Detailed mathematical proofs are provided in Ap-251

pendix A.252

3.3 Cache Update253

After each gradient update, we adopt the ε-greedy254

algorithm to update the experience cache by select-255

ing the highest-reward response from the current256

inference results. Specifically, when the random257

variable u ∼ U(0, 1) satisfies u ≤ ε, we select the 258

response with the highest group reward; otherwise, 259

we randomly select a suboptimal response. We 260

formalize the update process as: 261

C(t) =
(
C(t−1) ∪ {(qk, o)}

)
\ {(qk, ak)}, (10) 262

where o = oargmax{Ri}Gi=1
if u ≤ ε, and o = og′ oth- 263

erwise. Here, oargmax{Ri}Gi=1
denotes the highest- 264

reward response in the group, and og′ is another 265

randomly selected candidate response. 266

3.4 Length-Aware Reward Shaping 267

However, since the same response prefix is shared 268

during the sampling phase, the diversity of re- 269

sponses within the group is reduced compared 270

to the full-path reasoning optimization algorithm. 271

This lower diversity results in more similar reward 272

signals, thereby diminishing the effectiveness of 273

policy gradient estimation. To ensure meaningful 274

gradients, reasonable reward differences should 275

be maintained within the group, even when all re- 276

sponses are correct. 277

A Length-Aware Reward Shaping method is 278

proposed to address this issue. This method is 279
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based on the assumption: For the same question,280

a reasoning path that reaches the correct answer281

more concisely should be rewarded with a higher282

value. Specifically, for each response oi in the283

group, its length-aware reward R(si) is computed284

as:285

R(si)=clip
(

r(si)

1+e−α(ℓref−len(oi))
,m,M

)
, (11)286

where, r(si) is the original reward, ℓref is the287

average length of group G, defined as ℓref =288
1
|G|
∑|G|

i=1 len(oi). The parameter α > 0 controls289

the sensitivity of the reward to length differences.290

m and M are the lower and upper bounds for re-291

ward clipping to avoid extremely large or small292

values. clip(·,m,M) denotes restricting a value293

within the interval [m,M].294

We then iterate the above steps in Sections 3.2295

and 3.3 until a predefined stopping step T is296

reached.297

Through mathematical derivation, we demon-298

strate that length-aware rewards are better suited299

for the RPO algorithm; the two can complement300

each other, and when the guiding path is within301

a certain threshold, they can enable the model to302

achieve greater performance gains. In contrast, tra-303

ditional GRPO or DAPO algorithms, which use304

the full reasoning path, lack an initial fixed guiding305

path. This results in high variance for length-aware306

rewards, making it difficult to accurately estimate307

the true effective policy gradient, and thus they308

are not suitable for using length-aware rewards.309

Detailed proofs are provided in Appendix B.310

4 Experiments311

4.1 Experimental Setup312

Base Models. To demonstrate the effectiveness313

and generality of RPO, we evaluate it on two open-314

source inference models with 1.5B and 7B pa-315

rameters, namely Deepseek-r1-qwen-distill-1.5b316

and Deepseek-r1-qwen-distill-7b (DeepSeek-AI317

et al., 2025; Bai et al., 2023). Notably, we skip318

the supervised fine-tuning (SFT) phase, which is319

usually a prerequisite for reinforcement learning320

to enhance performance (Chu et al., 2025), as321

the selected models have already undergone this322

stage (DeepSeek-AI et al., 2025).323

Datasets. We evaluate the models on six standard324

reasoning evaluation datasets: aime25(math ai,325

b), aime24(math ai, a), math500(Hendrycks et al.,326

2021), amc23(math ai, c), minerva(Lewkowycz 327

et al., 2022) and olympicbench(He et al., 2024). 328

To ensure fairness, all evaluations use the 329

lighteval(Habib et al., 2023) toolkit. 330

Implementation Details. During training, we 331

use 7k samples from the open-rs dataset (Dang 332

and Ngo, 2025) with a global batch size of 576 for 333

4 epochs. Experiments are run on a single H20 334

machine with 8×H20 96G GPUs. We generate 335

6 samples per prompt, set the temperature to 0.7, 336

and fix the maximum generation length at 4096. 337

For the length-aware reward, we use m = 0.5, 338

M = 1, and α = 0.01. All models are fully 339

fine-tuned. Due to time constraints, only zero-shot 340

performance is averaged over three runs; all other 341

ablation experiments are run once. 342

4.2 Zero-shot performance 343

We set the maximum truncation length L for each 344

group to half of the minimum response length ℓ. 345

Then, we train the DeepSeek-R1-Qwen-1.5B and 346

DeepSeek-R1-Qwen-7B models for four epochs 347

using the original GRPO algorithm, the DAPO 348

algorithm, as well as their RPO variants, with a 349

batch size of 576 and a maximum generation length 350

of 4096 tokens. To ensure that the experimental 351

results are not caused by randomness, we repeat 352

the training three times for each experiment, then 353

compare their mean accuracy on the designated 354

evaluation datasets. 355

As shown in Table 1, as mentioned in the 356

Method section, length-aware rewards comple- 357

ment the RPO algorithm. Incorporating group- 358

wise length-aware rewards enables RPO to achieve 359

higher accuracy on test benchmarks than GRPO 360

and DAPO for both the 1.5B and 7B model sizes. 361

Without group-wise length-aware rewards, RPO 362

may experience some performance degradation; 363

therefore, when using RPO for accelerated training, 364

it is recommended to include group-wise length- 365

aware rewards to enhance performance. 366

4.3 Training Time Overhead 367

To investigate the training time overhead of GRPO 368

and RPO, each experiment is conducted on a ma- 369

chine with 8 H20 GPUs, using only a single GPU 370

for sampling during the training phase. It should 371

be noted that RPO introduces additional infer- 372

ence overhead during the cache initialization phase, 373

where parallel inference is performed across all 374

GPUs using the vllm framework. When the dataset 375
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Table 1: Performance of the RPO algorithm on test datasets. w/ R means length-aware reward is used, w/o R means
length-aware reward is not used. +RPO shows the effect of applying the RPO algorithm on top of each method.

Model AIME25 AIME24 MATH500 AMC23 Minerva OlyB Avg
1.5B Models

DeepSeek-R1-Qwen-1.5B 16.7 28.8 82.2 62.9 26.5 43.3 43.4
+ GRPO (w/o R) 24.4 31.1 85.7 72.5 29.8 51.3 49.1

+RPO 24.4 0 25.6 -5.5 84.3 -1.4 69.2 -3.3 29.5 -0.3 51.7 +0.4 47.5 -1.6

+ GRPO (w/ R) 22.2 32.2 83.8 70.8 27.5 50.5 47.8
+RPO 24.4 +2.2 35.6 +3.4 85.3 +1.5 83.3 +12.5 29.8 +2.3 51.8 +1.3 51.7 +3.9

+ DAPO (w/o R) 30.0 24.4 86.2 84.2 29.7 52.7 51.2
+RPO 28.9 -1.1 24.4 0 86.0 -0.2 84.5 +0.3 29.3 -0.4 52.1 -0.6 50.9 -0.3

+ DAPO (w/ R) 26.7 30.0 85.0 84.1 29.7 51.1 50.2
+RPO 32.2 +5.5 30.0 0 86.2 +1.2 86.1 +2 29.1 -0.6 52.3 +1.2 52.7 +2.5

7B Models

DeepSeek-R1-Qwen-7B 43.3 55.5 92.8 90.0 44.5 67.4 65.6
+ GRPO (w/o R) 43.3 53.3 95.0 90.0 44.5 67.2 65.6

+RPO 43.3 0 46.6 -6.7 92.5 -2.5 89.2 -0.8 42.3 -2.2 67.7 +0.5 63.6 -2

+ GRPO (w/ R) 40.0 48.9 95.0 88.3 43.5 66.0 63.6
+RPO 50.0 +10 61.1 +12.2 94.2 -0.8 90.8 +2.5 43.7 +0.2 67.3 +1.3 67.8 +4.2

+ DAPO (w/o R) 43.3 53.3 94.6 90.2 45.1 67.7 65.7
+RPO 46.7 +3.4 52.2 -1.1 94.2 -0.4 91.2 +1 42.7 -2.4 64.9 -2.8 65.3 -0.4

+ DAPO (w/ R) 42.2 56.7 93.2 91.8 44.6 64.5 65.5
+RPO 46.7 +4.5 54.5 -2.2 94.8 +1.6 95.2 +3.4 43.1 -1.5 64.5 0 66.5 +1

Table 2: The average number of tokens generated per
sample with the RPO method.

L 1.5B Model 7B Model
300 145.88 147.06
500 158.41 168.17
800 382.20 397.89

GRPO 2689.51 2457.91

Table 3: Training time of RPO and GRPO under 4
epochs with L = 800, h represents hours.

Method 1.5B Model 7B Model
GRPO 77.28 h 84.53 h
+RPO 8.37 h 23.50 h

size is 7k and the parallel batch size is 256, this376

phase takes approximately 20 minutes. Our experi-377

ments reveal that the primary factors affecting the378

relative training speed between RPO and GRPO379

are the number of group samples G and the max-380

imum truncation length L, while the impact of381

batch size is relatively minor.382

We study training speed for both 1.5B and 7B383

models. With maximum truncation length fixed384

at L = 300, we set per-GPU batch sizes 2 (1.5B)385

and 1 (7B), and evaluate group sizes G = 6, 8, 16.386

As shown in Figure 3, smaller G yields greater387

acceleration for RPO, reducing training time to388

7.4% of GRPO for 1.5B and 21.1% for 7B. We389

also study the effect of L with G = 6.390

Figure 3: The impact of maximum truncation length
L and group size G on the acceleration ratio of POER
under the 1.5B and 7B model settings.

The actual training speed is affected by many 391

factors, so we propose a fairer comparison: using 392

the average tokens generated per sample. Since 393

prefill is much faster than decoding, more tokens 394

in prefill lead to shorter decoding time. As shown 395

in Table 2, under the original GRPO algorithm, 396

each sample requires an average of 2689.51 tokens 397

and 2457.91 tokens for the 1.5B and 7B models, 398

respectively. 399

In contrast, with the RPO algorithm, the number 400

can be reduced to as low as 145.88 tokens and 401

147.06 tokens. From the perspective of the decode 402

stage, the time overhead of RPO is only about 5% 403

of that of GRPO. Table 3 presents the detailed 404
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Table 4: Performance of GRPO and RPO on Evaluation Datasets in Multi-Step Iteration Scenarios.

Model AIME25 AIME24 MATH500 AMC23 Minerva OlyB Avg
DeepSeek-R1-Qwen-7B 43.3 55.5 92.8 90.0 44.5 67.4 65.6

+ GRPO(w/o R) 40.0 50.0 94.2 90.0 41.2 66.7 63.7
+ RPO 46.6 +6.6 56.7 +6.7 92.8 -1.4 90.0 0 41.4 +0.2 66.1 -0.6 65.6 +1.9

DeepSeek-R1-Qwen-1.5B 16.7 28.8 82.2 62.9 26.5 43.3 43.4
+ GRPO(w/o R) 10.0 10.0 67.0 45.0 20.6 31.4 34.8

+ RPO 20.0 +10 36.7 +26.7 82.8 +15.8 72.5 +27.5 29.4 +8.8 51.5 +20.1 48.8 +14

Figure 4: Response length of RPO and GRPO with
full-trajectory optimization on 1.5B model across
training steps.

Figure 5: Response length of RPO and GRPO with full-
trajectory optimization on 7B model across training
steps.

training time overhead of the original GRPO and405

RPO algorithms over 4 epochs.406

It is worth noting that the average number of407

tokens generated by the GRPO algorithm for the408

1.5B model is higher than that for the 7B model.409

However, when constrained by RPO, the number410

of tokens generated is lower. This is because the411

RPO algorithm preserves shorter correct answers,412

and the exploration capability of the 1.5B model,413

once guided, is weaker compared to that of the 7B414

model, leading to this phenomenon.415

4.4 Stability Analysis416

Conventional reinforcement learning methods,417

such as GRPO and PPO, are prone to instability in418

multi-step training, with performance and response419

length often deteriorating as iterations increase.420

Accordingly, GRPO fine-tuning typically limits421

iteration numbers, using accuracy and response422

length to measure model degradation(DeepSeek-423

AI et al., 2025). RPO addresses this by using a424

cache pool mechanism, and we conduct compara-425

tive experiments to quantify its improved training426

stability over GRPO.427

During the training process, we use a batch size428

of 18 to train the 7B and 1.5B models for four429

epochs, and monitor changes in response length430

and model performance, as shown in Figure 4 and431

5. In this multi-step iterative training setup, GRPO 432

experiences a collapse in response length around 433

the 200th iteration, while RPO maintains stable 434

response lengths throughout the process. On the 435

other hand, as shown in Table 4, the model perfor- 436

mance after training with GRPO deteriorated, espe- 437

cially for the 1.5B model, where accuracy dropped 438

by 8.6%. In contrast, RPO results in a 5.4% im- 439

provement in accuracy. 440

Beyond the instability from reward sparsity, 441

GRPO suffers from strong locality due to its inter- 442

group comparison strategy, limiting performance 443

improvements. RPO mitigates this by introducing 444

an experience cache, using an external cached pol- 445

icy πC to approximate the main policy πθ during 446

updates. This provides a global context, enhances 447

training stability, and allows RPO to maintain con- 448

sistent performance over long iterations. 449

5 More Analysis 450

Impact of Maximum Truncation Length and α. 451

Intuitively, the maximum truncation length L and α 452

are not independent factors. To study their effect on 453

training, we train the model with combinations of 454

L = 300, 0.5ℓ, ℓ and α = 0, 0.01, 0.1, 1. Notably, 455

when α = 0, the intra-group length-aware reward 456

is disabled, so all correct reasoning paths receive 457

the same reward. 458

7



The DeepSeek-R1-Qwen-1.5B model is trained459

for two epochs with a batch size of 336 to amplify460

differences in training outcomes for easier observa-461

tion. The evaluation results are shown in Figure 6:462

under a fixed L, performance first improves as α463

increases and then declines.464

Figure 6: Heatmap of the Impact of L and α on Model
Accuracy.

Effect of max_length on Exploration Capabil-465

ity. To investigate the impact of max_length set-466

tings on the model’s initial exploration ability, we467

set the maximum truncate length of RPO to 300468

and examined the performance of the 1.5B and 7B469

models on the AIME24 dataset under two settings:470

max_length = 2048 and max_length = 4096.471

As shown in Figure 7, RPO demonstrates lower472

exploration ability compared to GRPO, and the473

gap between the two methods gradually widens474

as max_length increases. This result also indi-475

cates that RPO exhibits a certain disadvantage476

in exploration ability during the early iterations.477

However, this result compares exploration capabil-478

ities without updating the cache pool. In this sce-479

nario, RPO’s exploration ability is clearly inferior480

to GRPO, which adopts a full-path optimization481

strategy.482

Figure 7: With the maximum truncation length set to
300, the Pass@N performance of the RPO algorithm
and the full-path optimization GRPO algorithm on the
AIME24 dataset is shown. The opaque bars correspond
to the case with a maximum generation length of 2048,
while the transparent bars correspond to the case with a
maximum generation length of 4096.

Impact of Cache Pool Update Strategy on 483

Model’s Pass@N Performance. To study the 484

effect of training epochs on exploration capabil- 485

ity, we evaluate the 1.5B and 7B models on the 486

AIME24 dataset with max_length set to 4096 un- 487

der epoch = 1,4. As shown in Figure 8, as the 488

number of training epochs increases and the cache 489

pool is updated, the model is able to explore more 490

diverse and higher-quality solution paths, with per- 491

formance steadily improving to eventually match 492

or become comparable to the full-path optimization 493

GRPO. 494

Overall, although RPO exhibits reduced raw ex- 495

ploration ability in the early stages, the experience 496

cache and the epsilon-greedy strategy guide the 497

model toward higher-quality paths, enabling RPO’s 498

exploration capability in later stages to be essen- 499

tially on par with that of full-path GRPO. As a 500

trade-off strategy, RPO sacrifices some early ex- 501

ploration capacity but achieves significant training 502

acceleration while ultimately attaining compara- 503

ble final performance, making this trade-off clearly 504

worthwhile. 505

Figure 8: With the maximum truncation length set to
300 and the maximum generation length set to 4096,
we investigate the Pass@N performance of the RPO al-
gorithm and the full-path optimization GRPO algorithm
on the AIME24 dataset under training epochs set to 1
and 4. The transparent bars represent GRPO, while the
opaque bars represent RPO.

6 Conclusion 506

In this paper, we propose RPO, a plug-and-play 507

algorithm for optimizing reinforcement fine-tuning 508

of large language models. RPO introduces an ex- 509

perience replay mechanism that enables the model 510

to leverage previously collected high-quality re- 511

sponses during generation. This approach substan- 512

tially reduces training time while improving model 513

performance and enhancing stability during the 514

reinforcement fine-tuning process. 515

8



Limitations516

The main limitation of the RPO algorithm is that517

it sacrifices response diversity for training speed.518

By sharing historical reasoning prefixes, the gener-519

ated results within a group tend to converge, which520

reduces the variance of reward signals and necessi-521

tates a reliance on additional "length-aware reward522

shaping" to maintain performance.523
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A Proof of RPO Gradient Stability 676

Policy gradient estimation. The reasoning process of traditional full-path reasoning optimization and 677

Replay-based Policy Optimization(RPO) can be expressed as π(·|qk) and π(·|(qk, ak)), where qk ∈ Craw, 678

is a sample in raw training dataset Craw and corresponding (qk, ak) ∈ C, is one example in training 679

replay buffer C, which updates during the training process. 680

For any sample qk, it holds that (qk) ⊂ (qk, ak). Hence, for the response space of an arbitrary policy 681

model, the total variance can give 682

Var( · | qk) = E(qk,ak)|qk

[
Var
(
· | (qk, ak)

)]
+Var(qk,ak)|qk

(
E
[
· | (qk, ak)

])
. (B-1) 683

Because the second term on the right-hand side is non-negative, i.e. Var(qk,ak)|qk (E[·|(qk, ak)]) ≥ 0, we 684

obtain 685

Var( · | qk) ≥ E(qk,ak)|qk

[
Var
(
· | (qk, ak)

)]
. (B-2) 686

Treating (qk, ak) as an augmentation of qk allows this inequality to simplify to 687

Var( · | qk) ≥ Var
(
· | (qk, ak)

)
. (B-3) 688

In the policy space, (B-3) becomes 689

Var
(
πθ(ag | qk)

)
≥ Var

(
πθ(ag | (qk, ak))

)
. (B-4) 690

Assume there exists a parameter vector θ0 such that the policy can be locally approximated by the 691

first-order expansion 692

πθ = πθ0 +∇π⊤(θ0)
(
θ − θ0

)
. (B-5) 693

The variance of πθ in a neighbourhood of θ0 can then be estimated as 694

σ2
(
πθ
)
≈ ∇π⊤θ0Σθ ∇πθ0 , (B-6) 695

where Σθ denotes the covariance matrix of the parameter estimates. 696

Throughout training, the realizations of πθ can be treated as i.i.d. random variables. As the sample size 697

n → ∞, the empirical mean and variance converge to 698

µ
(
πθ
)
= E
[
πθ
]
=

1

n

n∑
i=1

(πθ)i, Var
(
πθ
)
= E
[
π2
θ

]
− µ
(
πθ
)2 ≈ n

n− 1
∇π⊤θ0Σθ ∇πθ0 . 699

On account of E[π2
θ ] = µ(πθ)

2, while Σθ = I also holds, then 700

σ2
(
πθ
)
= Var

(
πθ
)
= ∇π⊤θ0∇πθ0 =

∥∥∇πθ0∥∥ 2

2
. (B-7) 701

Combining the above with (B-3) yields the policy space gradient estimation. 702∥∥∥∇πθ(ag | qk
)∥∥∥

2
≥
∥∥∥∇πθ(ag | (qk, ak)

)∥∥∥
2
. (B-8) 703

This establishes that conditioning on the augmented information (qk, ak) strictly reduces—or at worst 704

preserves—the magnitude of the policy-gradient variance. 705

Let’s review the GRPO update policy. At training step t, the optimisation target of Generative 706

Reinforcement Policy Optimisation (GRPO) can be written as 707

JGRPO(θt) = E(q,a)∼C(t−1)(Q,A),{oi}Gi=1∼πθt−1
(·|q))[

1

G

G∑
i=1

1

|oi|

|oi|∑
j=1

min

(
ri,j(θt)Âi,j , clip

(
ri,j(θt), 1− ϵ, 1 + ϵ

)
Âi,j − βDKL(πθt∥πref)

)] (B-9) 708
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Here709

ri,j(θt) =
πθt(oi,j | q)
πθt−1(oi,j | q)

, Âi,j =
Ri −mean

(
{Ri}Gi=1

)
std
(
{Ri}Gi=1

) .710

Relative to GRPO, RPO only changes the policy ratio by conditioning on the prefix oi,<j :711

rRPO
i,j (θt) =

πθt(oi,j | q, oi,<j)

πθt−1(oi,j | q, oi,<j)
. (B-10)712

Because the clip operation truncates high-error updates, both algorithms behave identically whenever713

clipping is activated.714

Gradient of the optimization policy. For the plain GRPO ratio one obtains715

∇θ ri,j(θt) =
∇θπθt(oi,j | q)
πθt−1(oi,j | q)

=
πθt(oi,j | q)
πθt−1(oi,j | q)

∇θlog πθt(oi,j | q). (B-11)716

The Kullback–Leibler divergence with respect to a frozen reference policy πref satisfies717

∇θDKL

(
πθt ∥πref

)
= ∇θEπθt

[
log πθt − log πref

]
= Eπθt

[
∇θ log πθt +

(
log πθt − log πref

)
∇θ log πθt

]
= Eπθt

[
∇θ log πθt

(
log

πθt
πref

+ 1
)] (B-12)718

As Eπθt
[∇θ log πθt ] = 0 by normalisation, the expression simplifies to719

∇θDKL =Eπθ
[∇θ log πθ(o|s) · log πθ(o|s)]

=
∑
πθ

πθ∇θ log πθ(o|s) · log πθ(o|s)

=
1

|oi|

|oi|∑
t=1

πθ∇θ log πθ(oi|s) · log πθ(oi|s)

(B-13)720

Resulting policy gradient. Aggregating the intra-group updates yields the estimator721

∇θJALL = Eq,{oi}

[
1

G

G∑
i=1

1

|oi|

|oi|∑
j=1

(
Âi,j

πθt−1
(o|q) − β log πθt(o | q)

)
πθt(o | q)∇θlog πθt(o | q)

]

= Eq,{oi}

[
1

G

G∑
i=1

1

|oi|

|oi|∑
j=1

(
Âi,j

πθt−1
(o|q) − β log πθt(o | q)

)
∇θπθt(o | q)

]
.

(B-14)722

The second line follows by noting that πθt∇θlog πθt = ∇θπθt . Equation above provides the final form723

of the GRPO gradient used for parameter updates at step t.724

Without consideration of KL divergence. If the KL–divergence term is temporarily ignored, the725

GRPO gradient estimator reduces to726

∇θJALL = Eq,{oi}

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

( Âi,t

πθt−1

)
∇πθ(ag | qk)

]
. (B-15)727

Because of equation (B-8),728

∥∇θJALL∥2 ≥ ∥∇θJRPO∥2. (B-16)729
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Including the KL divergence. At the initial step (t = 0) both algorithms share the same reference 730

policy, hence 731

∇θJALL = ∇θJRPO. (B-17) 732

For the first update (t = 1) (B-8) implies 733

∥∇πθ1(ag | qk)∥2 ≥ ∥∇πθ1(ag | qk, ak)∥2. (B-18) 734

Here we record ∇πθ1(ag | qk, ak) as ∇π′
θ1

. Consequently, the difference of the two policy gradients 735

becomes 736

∆1 = ∥∇θJALL∥2 − ∥∇θJRPO∥2

= Eq,{oi}

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

(
∥( Âi,1

πθ0
− β log πθ1)∇πθ1∥2 − ∥( Â

′
i,1

πθ0
− β log π′

θ1)∇π′
θ1∥2

)]
.

(B-19) 737

Let δ := ∇θπθ1(i)−∇θπ
′
θ1
(i) ≥ 0. For one random dimension the mean-value theorem yields 738

πθ1(i) log πθ1(i)− π′
θ1(i) log π

′
θ1(i) =

∂(π log π)

∂π

∣∣∣
π=ζ

(πθ1(i)− π′
θ1(i)), ζ ∈ [π′

θ1 , πθ1 ] ⊂ [0, 1).

(B-20) 739

Taking the directional derivative with respect to θ gives 740

(1 + log πθ1(i))∇πθ1(i)− (1 + log π′
θ1(i))∇π′

θ1(i) =
∂πθ log πθ

∂ πθ
|πθ=ζ(∇πθ1(i)−∇π′

θ1(i))

=
∂πθ log πθ

∂ πθ
|πθ=ζδ

(B-21) 741

Hence 742

log πθ1(i)∇πθ1(i)− log π′
θ1(i)∇π′

θ1(i) =
(∂(π log π)

∂π

∣∣
π=ζ

− 1
)
δ = (log ζ) δ ≤ 0, (B-22) 743

because log ζ < 0. 744

Extending this argument component-wise to the full parameter vector shows 745

log πθ1 ∇πθ1 ⪯ log π′
θ1 ∇π′

θ1 , (B-23) 746

and therefore 747

∥ − β log πθ1 ∇πθ1∥2 ≥ ∥ − β log π′
θ1 ∇π′

θ1∥2, (B-24) 748

We have thus established 749

∥∇θ1JALL∥2 ≥ ∥∇θ1JRPO∥2. (B-25) 750

Let the generic update rule be 751

θi = θi−1 + η∇θJ . (B-26) 752

Then 753
∇πθi
πθi−1

=
∇
(
πθi−1

+ η∇πθi−1
∇θi−1

J
)

πθi−1

≥
∇πθi−1

πθi−1

= ∇ log πθi−1
, (B-27) 754

i.e. each step re-enters the original policy-gradient (PG) regime. Using (B-25) one obtains for every 755

i ≥ 1 756

∇πθi
πθi−1

−
∇π′

θi

π′
θi−1

≥
∇πθi−1

πθi−1

−
∇π′

θi−1

π′
θi−1

≥ ∇ log
πθi−1

π′
θi−1

. (B-28) 757

By induction this yields the general relation 758

∥∇θJALL∥2 ≥ ∥∇θJRPO∥2 for all optimisation steps. (B-29) 759

Equation (B-29) completes the proof that, under identical hyper-parameters, GRPO provides gradient 760

updates at least as large as those of RPO, both without and with the KL divergence. Meanwhile, since 761

both of them follow a normal distribution with zero mean, it follows that: 762

V ar(∥∇θJRPO∥2) ≤ V ar(∥∇θJALL∥2) (B-30) 763
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B theorem764

Preliminary. Let q denote the prompt, o a sampled response with length ℓ = len(o), and let the group-765

wise reference length be ℓref =
1
G

∑G
i=1 len(oi). Write ∆ℓ = ℓ− ℓref and fix a window |∆ℓ| ≤ τ . For a766

sensitivity parameter α > 0 define the length weight sα(ℓ) = σ
(
α(ℓref − ℓ)

)
= (1 + e−α(ℓref−ℓ))−1 ∈767

(0, 1) and the shaped reward Rα = clip
(
sα(ℓ) r, m, M

)
with clipping bounds m < M, where r is the768

original per-sample reward.769

Consider RPO with replay distribution µ and current policy πθ, truncated importance ratio770

ρ = min
(
c, πθ(o|q)

µ(o|q)
)

for a constant c ≥ 1, token-averaged score function ∇θ log πθ(o | q) =771

1
|o|
∑|o|

j=1∇θ log πθ(oj | o<j , q), and a centered advantage A′
α = Rα − bα with group baseline772

bα = E[Rα | q, group]. The single-sample gradient contribution is773

gα = ρ
(
A′

α − β log πθ(o | q)
)
∇θ log πθ(o | q). (C-1)774

Assume ∥∇θ log πθ(o | q)∥ ≤ L, E[r2] < ∞, and that775

1. the conditional variance σ2
A(ℓ) := Var(A | ℓ) of the unshaped advantage A is nondecreasing in ℓ,776

2. the tail probability P
(
πθ
µ > c | ℓ

)
is nondecreasing in ℓ.777

If ατ ≤ 1, then there exists α⋆ > 0 such that for all 0 < α ≤ α⋆ the mean-squared error MSEα :=778

Var(gα) + ∥E[gα]−∇θJ∥2 of the RPO gradient estimator with length-aware shaping satisfies779

MSEα < min
{
MSERPO

0 , MSEALL
0 , inf

α̃>0
MSEALL

α̃

}
, (C-2)780

that is, it strictly improves upon both the unshaped RPO baseline and the ALL baselines in a nontrivial781

neighborhood of α = 0.782

Proof. The proof makes explicit the first-order behavior in α of both the variance and the bias terms.783

Throughout the window |∆ℓ| ≤ τ the sigmoid admits the uniform Taylor expansion784

sα(ℓ) =
1

2
− α

4
∆ℓ + R2(α, ℓ), |R2(α, ℓ)| ≤ C2 α

2τ2, (C-3)785

for some constant C2 independent of α and ℓ. Writing Rα = sα(ℓ) r on the non-clipping region and786

absorbing the clipping into the moment bounds later, the centered advantage becomes787

A′
α =

(
1
2 r − E[12 r]

)
− α

4

(
∆ℓ r − E[∆ℓ r]

)
+ R2(α, ℓ) r − E[R2(α, ℓ) r]︸ ︷︷ ︸

=:E2(α)

. (C-4)788

Substituting (C-4) into (C-1) and taking expectations yields789

E[gα]−E[g0] = −α

4
E
[
ρ
(
∆ℓ r−E[∆ℓ r]

)
∇θ log πθ(o | q)

]
+ E

[
ρ E2(α) ∇θ log πθ(o | q)

]
. (C-5)790

By Cauchy–Schwarz and the bounds on ρ and the score function, the norm of the first term on the791

right-hand side satisfies792 ∥∥∥E[ρ (∆ℓ r − E[∆ℓ r]
)
∇θ log πθ

]∥∥∥ ≤ cL
(
E
[
(∆ℓ r − E[∆ℓ r])2

])1/2
≤ cL τ

(
E[r2]

)1/2
, (C-6)793

hence ∥E[gα] − E[g0]∥ ≤ α
4 cL τ (E[r2])1/2 + cLE[|E2(α)|]. Using |E2(α)| ≤ 2C2α

2τ2|r| and794

E[r2] < ∞ gives the bias bound795

∥E[gα]− E[g0]∥ ≤ Cb α τ + C ′
b α

2τ2, (C-7)796
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for constants Cb, C
′
b depending only on (c, L,E[r2], C2). Consequently the squared-bias contribution to 797

MSEα is O(α2τ2). 798

For the variance term, expand the second moment as 799

E
[
∥gα∥2

]
≤ c2 E

[(
A′

α − β log πθ
)2 ∥∥∇θ log πθ

∥∥2] ≤ c2L2 E
[(
A′

α − β log πθ
)2]

. (C-8) 800

The cross terms between A′
α and β log πθ are uniformly bounded in α by Jensen and the finite second 801

moments of r and log πθ. The α-dependent leading component arises from E[A′
α
2]. Within the non- 802

clipping region and after centering, the contribution that depends on length is proportional to 803

E
[
sα(ℓ)

2 σ2
A(ℓ)

]
= E[sα(ℓ)2] E[σ2

A(ℓ)] − Cov
(
sα(ℓ)

2, σ2
A(ℓ)

)
. (C-9) 804

Since sα(ℓ) is nonincreasing in ℓ while σ2
A(ℓ) is nondecreasing in ℓ by assumption, the reverse Chebyshev 805

inequality ensures that the covariance in (C-9) is nonpositive and is strictly negative unless sα(ℓ)
2 806

and σ2
A(ℓ) are almost surely constant. Differentiating E[sα(ℓ)2] at α = 0 and using (C-3) yields 807

E[sα(ℓ)2] = 1
4 +O(α2τ2), while differentiating the covariance at α = 0 gives a strictly negative slope 808

whenever the variance σ2
A(ℓ) is not degenerate. Therefore there exists η > 0 such that 809

Var(gα) ≤ c2L2
(
1
4 σ

2
A − η α + O(α2τ2)

)
+ Cβ, (C-10) 810

where σ2
A = E[σ2

A(ℓ)] and Cβ collects the β-dependent but α-independent finite terms. 811

The RPO-specific truncation bias can be written as the deviation between the untruncated importance- 812

weight estimator and the truncated one. Let w = πθ
µ and Xα = (A′

α − β log πθ)∇θ log πθ. The bias 813

vector equals 814

bclip(α) = E
[
(w − ρ)Xα

]
= E

[
(w − c)+Xα

]
, (C-11) 815

so that ∥bclip(α)∥ ≤ E
[
(w − c)+ ∥Xα∥

]
≤ E

[
(w − c)+ (|A′

α|+ |β|| log πθ|)L
]
. 816

Assumption 2 implies that the event {w > c} is more likely at larger ℓ, whereas |A′
α| is reduced at 817

larger ℓ because sα(ℓ) decreases with ℓ and the clipping of Rα further upper-bounds its magnitude. 818

Consequently the mapping α 7→ ∥bclip(α)∥ is nonincreasing for small α, and in particular ∥bclip(α)∥ ≤ 819

∥bclip(0)∥. Since MSEα contains ∥bclip(α)∥2, this term does not increase with α near zero. 820

Combining (C-7) and (C-10) and adding the nonincreasing truncation-bias square gives 821

MSEα = Var(gα) +
∥∥E[gα]−∇θJ

∥∥2 ≤ c2L2
(
1
4 σ

2
A − η α + O(α2τ2)

)
+ ∥bclip(α)∥2 + O(α2τ2).

(C-12) 822

Choosing α⋆ > 0 sufficiently small so that the linear decrease −η α dominates the aggregated O(α2τ2) 823

remainders ensures that MSEα < MSERPO
0 for all 0 < α ≤ α⋆ with ατ ≤ 1. 824

Since GRPO coincides with the on-policy case without any truncation channel, its α-dependence shares 825

the same variance reduction mechanism but lacks the nonincreasing truncation-bias term ∥bclip(α)∥2; 826

therefore the same choice of α also yields MSERPO
α < min{MSEALL

0 , inf α̃>0MSEALL
α̃ } whenever 827

∥bclip(0)∥ > 0, which holds generically under assumption (ii). This proves the stated improvement. 828

Remark. The token-wise averaging in GRPO, 1
|o|
∑|o|

j=1, multiplies the effective per-sample weight 829

by |o|−1 and thus accentuates the negative covariance in (C-9), because |o|−1 is also nonincreasing in ℓ. 830

The group baseline bα used to define A′
α guarantees that the constant component of sα(ℓ) is removed, 831

while the window condition ατ ≤ 1 keeps sα(ℓ) within the near-linear regime where (C-3) is valid and 832

the remainder terms are uniformly controlled. 833
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C Using a large model’s cache pool to834

guide small model training835

We design the following experiment to explore836

whether introducing a more powerful model for837

question sampling during the cache pool initializa-838

tion phase can influence the resulting cache policy,839

thereby allowing the original model to indirectly840

benefit from the distillation of the stronger model’s841

reasoning capabilities.842

Specifically, we use the cache pool initialized by843

deepseek-r1-qwen-7b as the initial cache pool for844

deepseek-r1-qwen-1.5b. Then, following the orig-845

inal experimental setup, we train for two epochs846

and evaluate the final performance. As shown in847

Table 5, when trained using the cache pool gen-848

erated by the 7B model, the 1.5B model did not849

significantly improve performance.850

Table 5: The Performance of a 7B Model’s Cache Pool
on a 1.5B Model.

Model AIME24 MATH500 AMC23 Minerva OlyB Avg

DS-R1-Qwen-1.5B 23.3 84.8 75.0 28.7 53.5 53.1

D Cost Overhead851

In this section, we present the cost overhead of852

several additional open-source models with the853

same parameters, as well as that of the series of854

models based on our RPO algorithm.855

Table 6: Comparison of data usage and computational
costs with 1.5B models.

DeepScaleR-1.5B Still-3-1.5B RPO

Base Model DeepSeek-R1-Distill-Qwen-1.5B

Hardware 8× A100 80GB 1×8 A100 80GB 1×8 A100 80GB
Time 240h 150h 3h

Cost Est. $3629 $2268 $24

Table 7: Comparison of data usage and computational
costs with 7B models.

rStar-Math-7B(Guan et al., 2025) Eurus-2-7B-PRIME

Base Model Qwen2.5-Math-7B

Hardware
10×8 H100 80GB,
15×4 A100 40GB

1×8 A100 80GB

Time – 72h

Cost Est. – $1088

Qwen2.5-SimpleRL(Zeng et al., 2025) RPO

Base Model Qwen2.5-Math-7B DS-R1-Distill-1.5B

Hardware 4×6 A100 80GB 1×8 A100 80GB
Time 36h 7h

Cost Est. $1633 $56

E More Analysis 856

The impact of cache pool update strategies. To 857

investigate the impact of different cache pool up- 858

date strategies on model performance, we set ϵ to 859

0, 0.1, 0.5, and 1 during training. In addition, we 860

also evaluate the model with cache pool updates 861

completely disabled. As shown in Table 8, the per- 862

formance of the 1.5B model exhibits a trend of first 863

improving and then declining as ϵ increases. The 864

best performance is achieved when ϵ = 0.1, with 865

an average accuracy of 52.6%. 866

Table 8: The impact of ϵ on model zero-shot perfor-
mance. In the table, no update denotes the case where
the cache pool is not updated, which serves as a baseline
for comparison.

ϵ AIME25 AIME24 MATH500 AMC23 Minerva OlyB Avg

0 23.3 30.0 84.8 75.0 28.3 52.4 50.0
0.1 23.3 36.7 85.4 87.5 29.4 53.0 52.6
0.5 30.0 26.7 83.8 72.5 28.3 52.4 49.0
0.9 26.7 36.7 84.4 70.0 29.8 53.0 50.1
no update 26.7 30.0 82.8 75.0 29.4 51.2 49.2

F Time Overhead for Cache Pool 867

Initialization 868

This section reports whether RPO can still achieve 869

significant training acceleration and performance 870

improvement under extreme conditions, such as 871

when the number of epochs is only 1. 872

Table 9: Cache pool initialization time (minutes) for
1.5B and 7B models under different GPU types, dataset
sizes, and GPU counts.

1.5B Model

Dataset GPU 1 4 8

7k H20 34.78 24.61 15.10
A100 32.11 21.45 13.98

70k H20 347.91 249.14 160.87
A100 327.19 214.78 135.89

7B Model

Dataset GPU 1 4 8

7k H20 58.57 26.44 17.95
A100 55.43 22.56 16.19

70k H20 582.95 261.28 179.13
A100 566.49 238.91 167.57

Table 9 shows the model initialization time for 873

the 1.5B and 7B models under different GPU count 874
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configurations. Table 10 shows the training time875

for one epoch on an 8-card H20 machine and an876

8-card A100 machine, including the computational877

overhead of cache initialization. As seen from the878

table, even in extreme cases with only a single879

epoch of training, RPO can still provide significant880

acceleration.881

Table 10: Training time comparison (in hours) of
DeepSeek-R1-Qwen models on H20 and A100 GPUs.

Model H20 (hours) A100 (hours)

DS-R1-Qwen-1.5B
RPO 14.45 12.41
GRPO 40.98 37.35

DeepSeek-R1-Qwen-7B
RPO 39.64 37.38
GRPO 114.50 105.70

G Pseudo Code for RPO Training Process882

The pseudo code of Replay-based Policy Optimiza-883

tion(RPO) in the training process is as follows.884

Algorithm 1: Compact RPO Training
Input: Dataset D, model πθ0 , cache C(0), params

η, β, ϵ,G
Output: Model πθT , cache C(T )

Initialize Cache:
C(0) = ∅
for qk ∈ D do
C(0) ← C(0) ∪ {(qk, πθ0(·|qk))}

for t← 1 to T do
Rollout:
for qk ∈ D do

ak ← {a | (qk, a) ∈ C(t−1)}
for g ← 1 to G do

ã
(g)
i ←
Concat(a[0:−m]

k , πθt−1(·|qk, a
[0:−m]
k ))

R
(g)
i ← r(qk, ã

(g)
i )

Optimize:
θt ← θt−1 + η∇θJGRPO−Cache

Update Cache:
for qk ∈ D do

if u ≤ ϵ then
C(t−1) ∪

{
(qk, oargmax{Ri}Gi=1

)
}
\

{(qk, ak)}
else
C(t) ← C(t−1) ∪ {(qk, og′)} \ (qk, ak)

; // g′ ∼ U(1, G)

885
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