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DAPQO: An Open-Source LLM Reinforcement Learning System at Scale
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Problems

GRPO baseline suffers from several key issues such as entropy collapse, reward noise, and training instability

- 4 Strategy

1. Clip-Higher, which promotes the diversity of the system and avoids entropy collapse
2. Dynamic Sampling, which improves training efficiency and stability
3. Token-Level Policy Gradient Loss, which is critical in long-CoT RL scenarios

4. Overlong Reward Shaping, which reduces reward noise and stabilizes training
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Clip-Higher
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(a) Accuracies on AIME. (b) Entropy of actor model.

Figure 2 The accuracy on the AIME test set and the entropy of the actor model’s generated probabilities during the
RL training process, both before and after applying Clip-Higher strategy.
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Dynamic Sampling
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(b) The proportion of samples with an accuracy of 1. Figure & The training progress before and after applying dynamic sampling on a baseline setting,
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Token-Level Policy Gradient Loss
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Overlong Reward Shaping
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Figure 5 The accuracy of the actor model on AIME and the entropy of its generation probabilities, both before and
after applying Overlong Reward Shaping strategy.
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Main Result

Table1 Main results of progressive techniques applied to DAPO

Model AIME24,,, ;32
DeepSeek-R1-Zero-Qwen-32B 47
Naive GRPO 30
+ Overlong Filtering 36
+ Clip-Higher 38
+ Soft Overlong Punishment 41
+ Token-level Loss 42

+ Dynamic Sampling (DAPO) 50
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What to observe in RL?
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Figure 7 The metric curves of response length, reward score, generation entropy, and the mean probability of DAPO,
which show the dynamics of RL training and serve as essential monitoring indicators to identify potential issues.
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Step0: Data Construction
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Step0: Data Construction
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Step1: SFT
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Step2: Two-way RL
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Main Experiments

GaokaoEn

Stage 1: Behavior Initialization

Evaluation on Verification and Correction [Base Model: Qwen2-7B-Instruct)
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i

MATH AIME AMC College Olympiad

Model 500 2024 2023 Math Bench OSMBK “Toppa Average  Tpuce Model Source # Training Data -
Fromtier LLM: Llama-3.1-8B-Instruct MATH 4614 B st eutcamerdeve) gL w
GPT-40 766 93 475 485 433 929 67.5 55.1 Qwen?2-TB-Instruct MATH 4366 Zu 2
GPT-ol-preview 855 446 900 - R R R ; Qwen2.5-Math-TB MATH 3111 . i
GPT-ol-mini 90.0 567 950 578 653 94.8 78.4 76.9 t3
Stage 2: Reinforcement Learning g1d-s831
Top-tier Open-source Reasoning LLMs Base Model Source # Training Data
NuminaMath-72B-CoT 640 33 700 397 32.6 90.8 58.4 513 s
LLaMA3.1-70B-Instruct 654 233 500 425 277 941 54.0 510 Llama-3.1-8B-Instruct | MATH+GSMEE 2601 i Arias - ERal ot Fresen B e et
Qwen2.5-Math-72B-Instruct £5.6 30.0 70.0 495 49.0 959 719 64.6 Qwen2-TB-Instruct MATH+GSMBK 9601 Evaluation on Verification and Correction (Base Model: Qwen2.5-Math-78)
QWEHZ.S-MB[}I-?B MJ‘\TH*I'OPGHMH.‘JIQ._O 10000 Selfvarification Metrics Selfcarrection Metrics
General Model: Llama-3.1-8B-Instruct I SET L 100
Llama-3.1-8B-Instruct 480 67 300 308 15.6 84.4 41.0 36.6 ey racasleel Bt Ead 12 =
Llama-3.1-8B-Instruct + Original Solution SFT 31.0 33 7.5 220 8.0 58.7 283 22.7 Table 1: Training data statistics. e — 0
Llama-3.1-8B-Instruct + Long CoT SFT 514 67 275 363 19.0 87.0 483 39.5 i i 1011 2,
Llama-3.1-8B-S2R-BI (ours) 496 10.0 200 333 17.6 85.3 41.0 36.7 3 =2 s P
Llama-3.1-8B-S>R-PRL (ours) 536 67 250 337 18.5 86.7 43.1 38.2 s .

Llama-3.1-8B-S2R-ORL (ours) 550 67 325 347 20.7 873 452 40.3 w 2 LECRI R
General Model: Qwen2-7B-Instruct Verificbtion Aceuracy Ertar Recal Cormect Precision v Incpmect Correct
Qwen2-7B-Instruct 512 33 300 182 19.1 86.4 39.0 353 oo e Incarrect

Qwen2-7B-Instruct + Original Solution SFT 412 0.0 250 30.1 10.2 74.5 34.8 30.8
Qwen2-7B-Instruct + Long CoT SFT 604 67 325 363 234 81.2 535 42.0 : . : : : :
Qa2 TB-S35.B1 (oure) 612 33 15 411 1 H4 491 424 Figure 3: Evaluation on verification and correction.
Qwen2-7B-S%r-PRL (ours) 654 67 350 367 27.0 $9.0 499 442
Qwen2-7B-S%r-ORL (ours) 648 33 425 347 26.2 86.4 50.9 44.1

Math-Specialized Model: Qwen2.5-Math-7B = S‘[‘_ag e 1 _O,l SFTE‘QEE —g—% Ac;' %
Qwen2.5-Math-7B 510 167 450 215 16.7 58.3 39.7 35.6
Qwen2.5-Math-7B-Instruct 832 133 725 470 404 95.6 67.5 59.9
Eurus-2-7B-PRIME (Cui et al., 2025) 792 267 578 450 42.1 88.0 57.1 56.6 > == =25 = =
rStar-Math-7B *(Guan et al., 2025) 784 267 475 525 47.1 89.7 65.7 58.2 = QWQO“ A-I —%Eon_l' Lon g C OTE gal-'gol_l' S FTE l:|' _9._].'-2"
Qwen2.5-7B-SimpleRL(Zeng et al., 2025) 824 267 625 - 433 - - -
Qwen2.5-Math-7B + Original Solution SFT 580 67 425 358 20.0 79.5 519 42.1 il = o| CHHO A Z{=lL L 24 S 2y = SEAF
Qwen2.5-Math-7B + Long CoT SFT 802 167 600 496 2.1 91.4 69.1 58.4 - | E o —|._ o= | S S | °
Qwen2.5-Math-7B-S2R-BI (ours) 816 233 600 439 44.4 919 70.1 593 sl = 0 = '—l =] Hd = T ol oA 0 R I— T T 3'7-' o O
Qwen2.5-Math-7B-SR-PRL (ours) 834 267 700 438 46.4 932 70.4 62.0
Qwen2.5-Math-7B-SR-ORL (ours) 844 233 715 438 449 92.9 70.1 62.4 =2 C =1 o = =

— 2Eo| SHIE HH HZF5l= HIEE SiA[5] 4o

Table 2: The performance of S?R and other strong baselines on the most challenging math benchmarks is presented.
BI refers to the behavior-initialized models through supervised fine-tuning, ORL denotes models trained with
outcome-level RL, and PRL refers to models trained with process-level RL. The highest results are highlighted in
bold and the second-best results are marked with underline.
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Self Correction Arise in Different Difficulty Problem
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Expansion to Offline RL

- . . —
Datasets online RL2} &2| offline RLY|Al= process-level O] outcome-level £
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Qwen2-7B-Instruct-S>R-PRL-offline (ours) 61.6 100 325 402 26.5 87.6 50.4 44.1
Qwen2-7B-Instruct-S°R-ORL-offline (ours) 61.0 6.7 37.5 40.5 273 87.4 49.6 443 outcome- |eVe| RLo Onllﬂe ]1|-|_:'_|-|:|| E_I E‘||O| = | zk| |A‘| AH% |6|‘
Qwen2.5-Math-7B 510 167 450 215 16.7 583 39.7 35.6 o
Qwen2.5-Math-7B-S*R-BI (ours) 816 233 600 439 444 919 70.1 59.3 =
Qwen2.5-Math-7B-S’R-PRL (ours) 834 267 700 438 46.4 93.2 70.4 62.0 i|._:|| |._:| A st
Qwen2.5-Math-7B-S°R-ORL (ours) 844 233 715 438 449 92.9 70.1 62.4
Qwen2.5-Math-7B-S°R-PRL-offline (ours) 834 233 625 500 46.7 92.9 72.2 61.6
a - " 2 - . + _— = — — o
Qwen2.5-Math-7B-S’R-ORL-offline (ours) 820 200 675 498 45.8 92.6 70.4 61.2 :> |- l_‘_|-7;”0.” [H Sl -I%||-ol_|. b Sellne _7|\_ -Iol Jél_lc_)LOJ. DrOCeSS'level RL: EI
Table 5: Comparison of $?R using online and offline RL training. _
:II = ; = =L A
2 729 40|Ef ME2IoZ Cf &5t baseline Y22 AHag 4= U

o2 o
= offline #4 &H=32| 0| Y

- Offline RL2 LiF=2| #IZ|0IANM d55 L&A FAI7|2
J

online RL2} B[ 7
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