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- HEiZEMDeepseek-v3-baseffiZfRL
o FUE: £1=F + {\iB(leetcode)
o [FHETHNRYERE (ERZERZE+FETURE)

r(olq) = accuracy(o) + format_reward(o)
- R

- AEEEF(EReward Model
+ ALtmEMAME

A conversation between User and Assistant. The user asks a question, and the Assistant solves it.
The assistant first thinks about the reasoning process in the mind and then provides the user
with the answer. The reasoning process and answer are enclosed within <think> </think> and
<answer> </answer> tags, respectively, i.e., <think> reasoning process here </think>

<answer> answer here </answer>. User: prompt. Assistant:

Table 1 | Template for DeepSeek-R1-Zero. prompt will be replaced with the specific reasoning

question during training.
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where ¢ and B are hyper-parameters, and A; is the advantage, computed using a group of
rewards {ry,r, ..., rg} corresponding to the outputs within each group:
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DeepSeek-R1-Zero average length per response during training

12000

E 5 3

B

AT hae lengih e Iespane

2000

Figure 3 | The average response length of DeepSeek-R1-Zero on the training set during the RL
process. DeepSeek-R1-Zero naturally learns to solve reasoning tasks with more thinking time.
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Figure 2 | AIME accuracy of DeepSeek-R1-Zero during training. For each question, we sample
16 responses and calculate the overall average accuracy to ensure a stable evaluation.
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Question: If a > 1, then the sum of the real solutions of va — va +x = x is equal to
Response: <think>

To solve the equation ya - Va + x = x, let’s start by squaring both - - -

(\/a - VYa +.\-)‘ =x* = a-Ya+x=x

Rearrange to isolate the inner square root term:
2y2 2 2 L (42)2 1 2 2
(a-x)"=a+x = a"-2ax"+(x*) " =a+x = x*"-2ax"-x+(a"—a) =0

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

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:

vya-+Va+x=x

First, let’s square both sides:

a-Va+x=x* = Va+x=a-x*

Next, I could square both sides again, treating the equation: - - -

Table 3 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The
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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* Decoupled Clip and Dynamic sAmling Policy Optmization
.« XJGRPOBEIT T

« Clip-Higher

* Dynamic Sampling

« Token-Level Policy Gradient Loss
« Overlong Reward Shaping



. - 78 e 203
DA PO . *gB%KLmlz gEKIN({JNIVERS?F'Y
Jparo(0) = E,, a)~D,{0;}S_;~me_ . (|9)
G |oil
! Z Z min (rZ ¢(0)A; ¢, chp( £(0),1 — 10w, 1 + Slligh)Ai,t)
1 ll | i=1 t=1
s.t. 0< |{o; | is_equivalent(a,0;)}| < G.

where )
m(0it | 4,04 <t) B R; —mean({R;};_ )
) Lt —
Thoa (01t | 450, <t) 1 std({R;}&,)

- BIRKLEERER: ElIZm<B 4t ERREn, RS hURSYIRREZEE RS, AL
XHREIAZ LAY,

it (0) =

—1. otherwise

. EFMNGKEEE  po {L is_equivalent(j,y)



DA PO : CI i p - H i g h er fl: ?EISNGXJNIVERS.ITY

Jparo(0) = E(4.0)~D, {0} 1 ~ma_,, (-19)
G |oil

Z Z min (rz t l ts Chp (Ti,t(g)a | Elows 1 + E\high) Ai,t)
Zz 1 | z| 1=1 t=1

s.t. 0< [{o; | is_equivalent(a,oi)}' <@,
where
ri(8) = 79 (0it | ¢, 0i,<t) . R;—mean({R;}%)
it(0) = : it =
| MOoia (0it | 4, 0i,<t) z std({R;}$.,)

oldt&E R h{fiitRtokeniEEIEINSIRME,
{RiZepsilon90.2, |EEEMTER50.01500.90Y, FiREUMITIEREZ5./90.012701.08, HIH{EKHEZERtoken EFHHRYE

c-4c-1 w— o Clip-Highw _/\ ) w— ] Chg-Highe
wio Clip-tegher /\-'\ o *\ o Chp-Migher
038 ; \/\ win Chip-Mighe:
\ > 06
"4 a
s 030 a5
m =0
gos = \MW
p— o
® 0620 )
- ™ 03
5 015 o e
@ 02
010 R
o 01
PAr
oood{ R R G -
[» *00 100 1500 2000 4300 300 ] 1000 1500 2900 000
Step Step
{a) Accuracies on AIME. {b) Entropy of actor model.
Figure 2 The accuracy on the AIME test set and the entropy of the a maodel’s generated probabilities during the

RL training process, both before and after applying Clip-Higher strategy.
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DAPQO: Dynamic Sampling
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Figure 6 The training progress before and after applying dynamic sampling on a baseline setting.
(b) The proportion of samples with an accuracy of 1.
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DAPO: Token-Level Policy Gradient Loss
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Soft Overlong Punishment
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(a) Performance on AIME.
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Table 1 Main results of progressive techniques applied to DAPO

Model A'MEzll'avg@SQ
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




