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PPO: Proximal Policy Optimization
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PPO: Proximal Policy Optimization
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High resource demands of maintaining a separate value function (Critic)

¥

GRPO
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GRPO: Group Relative Policy Optimization
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DeepSeek-R1: Incentivizing Reasoning Capability
in LLMs via Reinforcement Learning

DeepSeek-R1-Zero

DeepSeek-R1
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DeepSeek-R1-Zero

DeepSeek-V3 Base

|

Large Scale RL(GRPO, Rule-based Reward Model)

l

DeepSeek-R1-Zero
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Performance of DeepSeek-R1-Zero

DeepSeek-R1-Zero AIME accuracy during training
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"AHA moment” of DeepSeek-R1-Zero

Question: If a > 1, then the sum of the real solutions of va — Va +x = x is equal to

DeepSeek-R1-Zero average length per response during training

12000 1 Response: <think>
To solve the equation va — Va +x = x, let’s start by squaring both - - -
2
10000 ( a—\/m) :x2:>a—\/m=x2.

Rearrange to isolate the inner square root term:

8000 -
(a-x*)?=a+x = a®-2a0?+(32)?=a+x = x*-2ax®>-x+(a®-a)=0

== Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum canbe - - -
We started with the equation:
va—va+x=x

First, let’s square both sides:

a— a+x=x2 Sl at+x=a—x

0 2000 4000 6000 8000 Next, I could square both sides again, treating the equation: - - -
Steps

4000 4

Average length per response

2000 4

2

Figure 3 | The average response length of DeepSeek-R1-Zero on the training set during the RL

) . oo T Table 3 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The
process. DeepSeek-R1-Zero naturally learns to solve reasoning tasks with more thinking time.

model learns to rethink using an anthropomorphic tone. This is also an aha moment for us,
allowing us to witness the power and beauty of reinforcement learning.
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“AHA moment” of DeepSeek-R1-Zero (v2)
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The Frequency of Reflection Words
The Frequency of Word 'Wait'
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6000 8OO = 10000 O 2000 40O = 000 8OO 10000
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Figure 9 | Evolution of reasoning behaviors during training. (a) Frequency of representative
reflective words during the training process; (b) Specific occurrence patterns of the word “wait”
throughout the training process.

“wait” depicts the self-correction of model

KAIST
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Drawback of DeepSeek-R1-Zero

( A

A2t 2t3 2 CHS 2 Z3LICt... let's analyze
the function f(z) = [, Smt(f) dt...
RE—NRXTHEERHMIWE... No clear
separation between languages or
steps... A&t Z22k= r/2YLIC} JE|LE
2| O] 20| E0{7}0k EfLICE... The model |
switches topics abruptly... 2E2
2SR PaLict...

Poor readabilty, Language Mixing
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DeepSeek-R1
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>
| Sampllng. Models
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mmm  Training Algorithms
l : * * Prompts
Sampling
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- - Rewards
mmmm  Post-Processing
Fiter B Refine M
v v

Figure 2 | The multi-stage pipeline of DeepSeek-R1. A detailed background on DeepSeek-V3
Base and DeepSeek-V3 is provided in Supplementary A.1. The models DeepSeek-R1 Devl,
Dev2, and Dev3 represent intermediate checkpoints within this pipeline.
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DeepSeek-R1, Simplified Pipeline
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R1 performance

. Claude-3.5- GPT-40 DeepSeek|OpenAl OpenAl| DeepSeek

Benchmark aetic Sonnet-1022 0513 V3  |ol-mini 01-1217| R1
Architecture - - MoE - - MoE

# Activated Params - - 37B - - 37B
# Total Params - - 671B - - 671B
MMLU (pass@1) 88.3 87.2 88.5 85.2 91.8 90.8
MMLU-Redux Em) 88.9 88.0 89.1 86.7 - 92.9
MMLU-Pro Em) 78.0 72.6 75.9 80.3 - 84.0

DROP (3-shot F1) 88.3 83.7 91.6 83.9 90.2 92.2
English IF-Eval (Prompt Strict) 86.5 84.3 86.1 84.8 - 83.3
GPQA Diamond (pass@1) 65.0 499 59.1 60.0 75.7 71.5
SimpleQA (Correct) 284 38.2 249 7.0 47.0 30.1
FRAMES (Acc) 72.5 80.5 73.3 76.9 - 82.5
AlpacaEval2.0 (Lc-winrate) 52.0 51.1 70.0 57.8 - 87.6
ArenaHard (Gp1-4-1106) 85.2 80.4 85.5 92.0 - 92.3
LiveCodeBench (pass@1-coT) 38.9 329 36.2 53.8 63.4 65.9

Code Codeforces (Percentile) 20.3 23.6 58.7 934 96.6 96.3
Codeforces (Rating) 717 759 1134 1820 2061 2029

SWE Verified (Resolved) 50.8 38.8 42.0 41.6 48.9 49.2
Aider-Polyglot (Acc) 45.3 16.0 49.6 329 61.7 53.3

AIME 2024 (Pass@1) 16.0 9.3 39.2 63.6 79.2 79.8

Math MATH-500 (Pass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (pass@1) 13.1 10.8 43.2 67.6 - 78.8
CLUEWSC @&m) 85.4 87.9 90.9 89.9 - 92.8
Chinese C-Eval &m) 76.7 76.0 86.5 68.9 - 91.8
C-SimpleQA (Correct) 55.4 58.7 68.0 40.3 - 63.7

Table 4 | Comparison between DeepSeek-R1 and other representative models.
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R1 distillation

GPQA LiveCode

Model AIME 2024 MATH-500 Disiacnd  Benck CodeForces
pass@1 cons@64 pass@1 pass@1 pass@1 rating
GPT-40-0513 9.3 13.4 74.6 49.9 32.9 759
Claude-3.5-Sonnet-1022 16.0 26.7 78.3 65.0 38.9 717
OpenAlI-ol-mini 63.6 80.0 90.0 60.0 53.8 1820
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419 1316
DeepSeek-R1-Distill-Qwen-1.5B 289 527 83.9 33.8 16.9 954
DeepSeek-R1-Distill-Qwen-7B 555 83.3 92.8 49.1 37.6 1189
DeepSeek-R1-Distill-Qwen-14B 69.7 80.0 93.9 591 55:1 1481
DeepSeek-R1-Distill-Qwen-32B 72.6 83.3 94.3 62.1 572 1691
DeepSeek-R1-Distill-Llama-8B 50.4 80.0 89.1 49.0 39.6 1205
DeepSeek-R1-Distill-Llama-70B 70.0 86.7 94.5 65.2 57.5 1633

Table 5 | Comparison of DeepSeek-R1 distilled models and other comparable models on
reasoning-related benchmarks.
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Distillation vs Reinforcement Learning

AIME 2024 MATH-500 GPQA Diamond LiveCodeBench

Model

pass@l cons@64 pass@1 pass@1 pass@1
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419
DeepSeek-R1-Zero-Qwen-32B 47.0 60.0 91.6 55.0 40.2
DeepSeek-R1-Distill-Qwen-32B  72.6 83.3 94.3 62.1 57.2

Table 6 | Comparison of distilled and RL Models on Reasoning-Related Benchmarks.

1. Distillation(powerful model->small model) > RL(small model)

2. Advancing beyond the boundaries of intelligence may still require more powerful base
models and larger-scale reinforcement learning

KAIST COCOLab 17




DAPO: An Open-Source LLM Reinforcement
Learning System at Scale

Limintation in naive GRPO: entropy collapse, reward noise, training instability.

1. Clip-Higher: promote the diversity of the system and avoids entropy collapse
2. Dynamic Sampling: improve training efficiency and stability
3. Token-Level Policy Gradient Loss: critical in long-CoT RL scenarios

4. Overlong Reward Shaping: reduce reward noise and stabilizes training
Joapo(0) = E(g.a)np {032, ~moy, (o)

G ol
[ L Z Zmin (ri,t(H)fli,t, clip (ri,t(G), 1—¢€low, 1+ 6high) Ai,t)

G
>ic ol i =

st. 0< ’{oi | is_equivalent(a, oi)}‘ <G,

where G
7T0(0i,t | Q70i,<t) A = R; —mean({R;};Z,)

Std({Ri}z'G:O

’l"i7t(0) =

T 0014 (Oi,t | q, 0i,<t) ’
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Remove KL divergence

Jerpo(0) = E(q,a)wD,{oi G~ (Hla)

|o; |

G
[é Z |01| Z (min (fri,t(e)fli,t, clip (ri,t(O), 1—¢e,1+ 8) fl”) — /BDKL(’]TQHﬂ'ref))]
i=1 "t =1

KL divergence: divergence between the online policy and the frozen reference policy

Useful in the RLHF scenario, but during training the long-CoT reasoning model, the model
distribution can diverge significantly from the initial model

=> Exclude KL divergence
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Key Technique 1: Clip-Higher

JerPo (0) - E(Qaa)NDa{Oi HE1~T0014 (l0)

|o; |

G
lé Z |j| Z (min (ri,t(Q)fl,;,t, clip (Ti,t(e), 1—¢,1+ 6) Ai,t) — ﬁDKL(’lT()”Wref))]
i=1 't =1

‘ Entropy Collapse phenomenon.
Upper clip can restrict exploration of the policy,
Making exploitation more probable

jDAPO(e) - ]E(q,a)ND,{oq;}?zlfVWoold('|Q)
G |oil

[ 1 Z Zmin ("'i,t(g)f‘iz‘,ta clip (ri,t(0)7 1 —é€low, 1 + €high) Ai,t)

G
Zizl |0i| i=1 t=1

s.t. 0<

<G,

{0; | is_equivalent(a,0;)}
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Key Technique 1: Clip-Higher
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(b) Entropy of actor model.
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Key Technique 2: Dynamic Sampling
JIoaro(9) = Ea)np {0 }G ~0y, (-1a)

Z |O szln ('rzt zt Chp(rzt(e) ]‘_elow 1+5h1gh)A )
=1 177 =1 t=1

s.t. 0<

<G.

Rz' — mean({Rz-}z-G:l)
std({R:}{Z,)

{o; | is_equivalent(a,0;)}

Aig =

Advantage becomes 0 if all outputs are correct or incorrect.

[l

Zero policy gradient

L

Degrade Sample Efficiency
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Key Technique 2: Dynamic Sampling

0.4 1
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Figure 6 The training progress before and after applying dynamic sampling on a baseline setting.
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Key Technique 3: Token-Level Policy Gradient
Loss

_ Divided by response length
Jarro(9) = E(g.a)~D (0,35 ~mo.,, (12) y resp 9

|oi|

: 4
é Z 1 Z (min (’l‘i,t(e)Ai,ta Clip(’ri,t(e)a 1—¢e,1+ 8) Ai,t) — ,BDKL(TFOHWref))]
1=1

|0 Same weight for all responses
=1

4

Jparo(0) = E(ga)~D (0:}S  ~mo, ., (a) Divided by total token usages

L

More weight on longer response

G |oil

1 Z Zmin (Ti,t(e)x‘iz‘,t, clip (Ti,t(e), 1 —¢€low, 1+ 5high) Ai,t) ,

G
Zz’:l |0i| i=1 t=1

st. 0< ’{oi | is_equivalent(a,oi)}’ <G.
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Key Technique 3: Token-Level Policy Gradient
Loss

3.5 5000 -
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(a) Entropy of actor model’s generation probabilities. (b) Average length of actor model-generated responses

Figure 4 The entropy of the probability distribution of the actor model, as well as the changes in response length.
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Key Technique 4: Overlong Reward Shaping

In RL training, we typically set a maximum length for generation, with overlong samples truncated accordingly

Default: Truncated Samples

? Sound reasoning process

t ‘ might be penalized due to
® excessive length

Punitive Rewards (Reward Noise)

1. Overlong Filtering
2. Soft Overlong Punishment
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Key Technique 4-1: Overlong Filtering

“Masks the loss of truncated samples”

0.35 — w/o overlong filtering —— w/o overlong filtering
w/ overlong filtering w/ overlong filtering
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(a) Performance on AIME. (b) Entropy of actor model.

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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Key Technique 4-2: Soft Overlong Punishment

Length-aware penalty mechanism

07 |y| S Lmax Lcache
Lmax_Lcac e)— 1 H :
Riengtn(y) = { ¢ “heach J=lul  p — Leacho < |y < Linax == PUNishment increases linearly
in this interval

_17 Lmax = |y|
Lax: 16,384 tokens, L.,cpne: 4,096 tokens

R(y) = Raec(y) + Rlength(y)
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Main Results of DAPO

Table 1 Main results of progressive techniques applied to DAPO

80
70
£ | Model AIME24,,, ;03
©50 :
e B T S N Ay ' B ¥ e S L ¥ o @
8. DeepSeek-R1Zero-Qwen-326 | DeepSeek-R1-Zero-Qwen-32B 47
< i
§ 30 Naive GRPO 30
=20 ! . :
< ~~ DAPOvg@32 + Overlong Filtering 36
10 pass@ . .
i ~4-- DAPO cons@32 + Clip-Higher 38
0 2000 4000 Training Steps 6000 8000 10000 -+ SOft Overlong PUHIShment 41
Figure 1 AIME 2024 scores of DAPO on the Qwen2.5-32B base model, outperforming the previous SoTA DeepSee + TOken_level LOSS 42
R1-Zero-Qwen-32B using 50% training steps. The x-axis represents the gradient update steps. - Dynamic Samphng (D APO) 50
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Main Results of DAPO

Table 1 Main results of progressive techniques applied to DAPO

Model AIME24,,,a32

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

AIME 2024 MATH-500 GPQA Diamond LiveCodeBench

Model pass@l cons@64 pass@1 pass@1 pass@1
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419
DeepSeek-R1-Zero-Qwen-32B 47.0 60.0 91.6 55.0 40.2
DeepSeek-R1-Distill-Qwen-32B  72.6 83.3 94.3 62.1 57.2

Table 6 | Comparison of distilled and RL Models on Reasoning-Related Benchmarks.
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GDPO: Group reward-Decoupled Normalization Policy
Optimization for Multi-reward RL Optimization

GRPO

.. (%,9) (2,1) (1,G)
- > sy PR SANCHNLr R e i
Té:{gn) . T§'L,]) b T’ﬁ:,]) Agﬁ’ﬂ? _ I'sum { sum sum }

std{réfl’i), - réﬁg)}

Tsum — W1T1 ++ WyTy

B 'r,(f’j) — mean{rff’l), . .,’I‘S’G)}

std{rgi’l) ..... 7~§"’G)} , N std{rg’l), .. ,rgi’G)}

Alb) = Agi’j) + e ALY —> Ald) — wlAgi’j) 44 wnAgaj)

sum

Al mean{Aéi’;g') | #' € Daten; 3’ = Ly <+, G}

Std{Aétllr’rz,) | (= DBatch, j/ =1,..., G} i€
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GDPO: Group reward-Decoupled Normalization
Optimization for Multi-reward RL Optimization
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Figure 9 | Training behavior of GRPO and GDPO when optimizing DeepSeek-R1-7B across correctness
reward, length reward, and maximum batch response length on math reasoning data. We can see that GDPO
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Figure 10 | Training behavior of GRPO and GDPO when optimizing Qwen3-4B-Instruct across correctness
reward, length reward, and maximum batch response length on math reasoning data. We can see that GDPO
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RQ: Effective Reward Model for Open-Ended Data

RQ: Effective Reward Automatic Weighting Strategy
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