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User: 3529 | AL K. HixEATF?

User: SEEL—N & il SO0 R 5L

Assistant: 1R AR LR FIFEAIF], LA KT e 2
— NHHH . BERE—ZATF(.)

User: 5 FERIRA N TR GER) 37T 2 EH

Assistant: A& FALT A, ANERN Iz Al Al
ZGtia 5t .

Assistant:
def copy_file(source, destination)

IR
shutil.copy(source, destlnatlgil/////,///// N
|os.chmod(destination, @o777)|

1E AT

User: SEEL—MNEIZEH P Flask #EE.

User: "2, IR LI,

Assistant: Nt A ANEH — MMREZHER?IRATRER K
Mz, WRRH&ERERE, RS iR ’ﬁkﬂpk*ﬁ

llFé
M

Assistant:
@app.route('/create_user', methods=['P0ST'])
def create_user():

name = request.form['name"']

JCHFSQLIEA

/

db.cursor().execute(query)

query = f"INSERT INTO users (name) VALUES ('{name}')"
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84%

More truthful

1.5 years

More knowledge
To June 2021
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ietRR AR REYN

BY AR RIS/HMER

HHH: Helpful, honest, harmless

New alignment objective to be useful, truthful, and careful

InstructGPT
@& OpenAl

58%

Less hallucinative

1.9x ©

Larger context window
(from 2,048 to 4,000 tokens)
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A WTFEEED =38!

s BEERLZE

Supervised Methods

ZIb: ERARRSIER
SHENREHITHIA

K=
IERUE (SFT) - WFERE
HEMREAR

ImE A, Tl

O FTlEGHE

Training-free Methods

ZIN: R ERS | SR
, ToREMRENNE

RTREEA:
R’ LiE (Prompt
Engineering). iSRS

HA. BWCEIHE

7

a BICFEITGE

RL Methods

ZIL: RAXRIZEHHR
MES, FEMURESHE

RRBAR:
RLHF (B2 FARKRIR),
RLAIF (E2FAIRIR)
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3. BUWFIHA: RL

1 RASHEMRSECAHERBNRMES, BYE

SISBESRESEMNC. BRI, RLERMEY

= &
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m
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“uestion » On-Policy sampling e v)

Reinforcement Learning

,%_ fgu

T 5 mueatin

RS Il
Eir_ ;iﬂlj

AN

Final
Policy

XIFFIRE
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Q BAEIWINNORNEEDT: RL FAERNIES) LLM M“AKE R

)

%% [0 £0)EBREA 12 LRI KHE:

AR

pipeline-based model-native
AppAgent e UI-TARS e GUI-Owl e
. [GYlagent Mobile-Agent s OpenCUA o
Applications
DR agent e Perplexity Al ® Google Deep e OpenAl Deep Research
ﬁ Search Research Tongyi DeepResearch e
-2.5-1M
MG e RAG . e Qwen
ry e Conversation Summary iorACE o
Core
Gy ReAct ! e OpenAl 03
Capabilities Tool use : e Functional call o k2
. e OpenAl ol
A Planning e CoT o LLM+P e DeepSeek R1
. e RLHF e GRPO
¢ DPO DAPO
Algorithms (RL) e PPO | | | . \
2022 2023 2024 2025 o

Era of Experience”

Beyond Pipelines: A Survey ofthe Paradigm Shift toward Model-Native Agentic Al
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ANRENTT R EH1E

d RIREINFFRARIEMA T A REQRLIXG)H B EE8EAEH
2020£EH): BHPIRZS 2022£F : RLHFEYESE 2022-23: AlfRiansto
hi%: BEHASHNEE — S OpenAlkZRInstructGPT | B5f¥: Anthropick2HRLAIF |
%5 (SRR bR FANZRLHFAERER, i AIERSIEEAZE
, {BXITFRERZ R NigteFHESIEERE , _LL%B FEXITT R4S
2025-2026: BIiBHEIRZ= 2023-2024: {RIFKALAYTE]
hR: BESIESXISF. BFEAgentdd5F S=4: IBHDPO. GRPOFMMAIE
. AT T imE: mEERtumeR, mEpEae
ﬁ%zﬁkﬁFMEMTﬁhﬁﬁ%, (RIFEERIL, B TXISFRIE, 18

BREEER. SEIRISHTEDN T+ TIERSEE SRR
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BIUF I RL

d ®=> (Reinforcement Learning, RL)
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BIUF I RL

] of

j/

RICZ T

BEMTRONR:

o aenfa“éﬂls (Agent) "Z%I]i/T\iEJkU (State) : “5 JiL)\é%IE)J (Reward)

’Miﬁ (Environment) tiﬁﬂﬁléﬂﬁ Mﬁﬂ B’J %ﬁJﬂJ{’E 5(]“12 %ﬁJﬂJ

BRI TIEN

RN —NIENENES, RRRIREGERER

{State & Revvard}

S

[ :
l Actions
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BIUF I RL

QRS INERER
LR (State) : SYPREVAER, T ABEINESTY

2. a){E (Action) : EREAER—IVZIXENENE, SRMIMNEF

3.32F) (Reward) : BFEENEBIANES, BireRAMKHERITUEG

4.%

05 (Policy) : MIATSEIZNERVEREY, JRTEESREIRBIRT

RO\

5. MEekZY ( Value Function)

D WHEERSIORS-EXYBICHY

2 32

R

ok e

A
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RLFZIMMBE=

1 RHEE m(als)

D MWIRRSZ8) S BlIz)E=E A CEVER D BIIRGY,

ERE S BREAERENRT FIZREXBIS)E

BREVLZRBE (Stochastic Policy) IREMELE (Deterministic Policy)
A: m(als) /RaovIRZS s NESE o BIER 23\ : a=argmax n(als) , EXOJREREXEVEIE
g MEX RO HHTEE, BE185E g BiERSY, £RFRIBELEEEING
EBEARR REXBIBIE EXI5S

RN EI—T3

RLEVIZILBt5R: SHRENELS

g, ESEREAENEPROIVRSINKHIRIRRMERA L
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RLFZIMMBE=

- {’HE@%Q (Value Function): Y ARERRFETHN, —TRSHMER—
BREAMIX TRTSHHEN R K RIRN S B RFE

® RSHMERE V7 (s): MRT s bR, BERES n IFEHATEIE, PRRERSHY
HASE KHANIR S A

Vi(s) = Ex|Gtlsy = s] = Ex |:Z ’Ykrt+k+1|5t = 3] BIE. S Y NITHEF

k=0

® IMEMMBEREL 0 (s,a) : RS s T, TINTEME 0, BIEERES « FHFEUAT,
PrRERSHVHAE KHADR

Qn(s,a) = Ex|G¢lsy = s,a; = a] = En [Z ’Yk"“t+k+1|8t = o O = a]

k=0
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0 XASERESTI LIRS token ZE[E) ERYFFIRERIOIRR:

Model * /Iklu S(SHEJZSZ
, * IWEA; : E token BEPIEFETF—
prompt token
nooRa . XEIR.: WHERSRRENITEES
g 7t 0%, EEURIE LS (S) , ER—
i Moken (4,) , WMEYBNETKZESAN (R
St

A token in response

--> Use prev to predict next
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RICF IS

2 B RE—FIRRE, AEPFIRIRES
1. BOFIIRROR, HEEEAWEIRILEDH

2. AEHELNNE, KHRESSHTIHE
3. RpEFTIRE, R KHARA N

4. RN HEEERISEMMEITEN

@ WSREREE
DG

a5

II'I

B

B|ES

EHIRE Q-learning DQN «
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BRI IRV DR

U 1. BFHHENGE
* GIrS T o ERVERE

(Value-based)

ERABIE

EQ(s.a) 3 V(s), HEEHAE

- REMTF5%: Q-Learning. SARSA. DQN 7l

state s

q(s, “left”; w) = 2000
Dense .,//»

> >B—— q(s,“right”;w) = 1000

i q(s,“up”; w) = 3000

feature

25
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4 2. EFERBRANHE (Policy-based)

- BNTRIBRET(a|s) BIZEHERTS s MREEa)E a BIHEX p(s,a), FHHK
BZMIR DB T ERFESIRR

- KF=™M 554 REINFORCE

,a

“left”, 0.2
Softmax ./

. "
>N >—— “right”, 0.1
.

2
\» “up”, 0.7

state s
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BRI IRV DR

3. @ n-it 2Rk H5E5Actor-Critic

mﬁ%J:LW@%EPT:T;i o iY= I MEREFITREB R
« YMERZEL (Critic) ABRFMIMEDPZS, STRSHINEHTIED
« RESREL (Actor) ZZHMEREEVTET, EEMAICRESHIEIE

Actor-Critic Method

+ URMDE:
A2C / A3C
PPO (&%H )
DDPG
TD3
SAC

policy network (actor) value network (critic)

27



Policy Gradient: HBIERBEHE

1 RIgSEPCHBER: Bik

1 IFE:

ActorSEnvironmentx2 g , £l—&K
FEIE, BIRR/AREVIRT - 1)
EX (s, a), T_REIRSS NREXGNEa,

LIPS

ARF LIRS

[RZRIRMR(D). BEE, X
WRETFZ, REFIRESE O

B

Given policy Ty
1 (si,a1)
(s2,a3)

+ (st af)

(s3,a3

only used once

Collection

“ 3
& PR TRRT
g University of Chinese Academy of Sciences
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Policy Gradient: HBIERBEHE

H PCEYZINORRR . HEAFIARIE + IFEARRE + ERPKIEED)

BR1: HAFIBARMRE: SXEMIKMEBITREE
KERNEERE, BiBERReEERA—X (on-policy)

Given policy 1y
: (s1,a1)

RfR2: IRBUIFARE: HBEGIHEKREREE, B8 (521'5“%)

MR . B— SIS SRR EROTEERRA .

(s3,a3)

[RBR3: BRI ICERES: SRBLRRISEFIS
B . —XEFMIATESEILERRE (RigEH?R)

Collection

only used once
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PPO: IMimSRES LTS A

a PPO (Proximal Policy Optimization) J@SE&2EMRFENERE
HEGE (AMRCEREDT) , HRAFRIBAZREIDR
WKE OrimeEHT)  ENBEmRUT:

LCUP(g) = T, [min (rt(O)At, clip(r¢(0),1 —€,1 + E)At)}

— |

Tt(e) — szf(a,;‘tféz) Clip(rt(ﬁ), 1 — €, 1+ 6) At = Q(St, Cl,t) — V(St)
SEMERE: BELE FEERZclip: WRrO) X {i53#EiAdvantage:
BRTIBRISEIMERLL AN, SNEHTEE, ARNXTEE "L

(BERBHRE SEEHE [1—€, 1+ €] AR E"



PPO: IMimRESICTSA

J PPORYRIFPSCIN ST, :
1. PPO-Clip: B "&EERtL" fEREIEHT

LCLIP(H) — |, [min (rt(é’)At, clip('rt(ﬁ), 1—¢€1+ G)At)]

2. PPO-KL: A "KLEIE" WA REFH

L) = Bt [r(0) A — BEL(ma,,(1s0) || mo(-lst))]

PPO-Clip (HBEhR) : m=ER. miaxe, T 99% p=ER (RLHF)
PPO-KL (PPO-Penalty) : m)SIAE KL BIEEIIREL, Esa//\- FH

31
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PPO: IMimRESICTSA

J PPO 3XH Actor - Critic 324
ActorA RS INRR O HXFEE, EHEFMEE PPO NRIBHE
CriticBA SR Actor 9178, NESREMERIR, ESRELKL.

Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
for actor=1,2,.. ., [l do _ | 1. MBEBRSIRERE, AL
Run policy 7g_, in environment for 7' timesteps
Compute advantage estimates A1,..., Ap 2. 1tE8—LRIE M*ﬁ A
end for 3. FAPPO B FRER A ESSE
Optimize surrogate L wrt 6, with K epochs and minibatch size M < NT
Oold < 0 4. BHTRISRREFUNMERRZL
end for

32
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RLHF: MAXRIRPZ
EIRHF: BASNEMRISRALN

O AXRIRER
S, BYRWSINGISIFESRESTSIL

Human Feedback
Reward Predictor 5 T, AERE
Observation Y22
<
RL Algorithm Environment
=

Action mh{E Datasets

Agent

RLHF: Reinforcement Learning from Human Feedback
34



RLHF &2 R[HT=

1. NIPS 2017 28 A&Atari

HUMAN
FEEDBACK

PREDICTED REWARD PREDICTOR |[RSSittits

REWARD

OBSERVATION

RL ALGORITHM ENVIRONMENT

ACTION

3.2022.3 InstructGPT

Step1 Step2 Step3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A promptis A prompt and A new prompt

sampled from our oAl i o several model Dl oo is sampled from w’“:mw
prompt dataset. landing toa 6 year old outputs are landing to a & year old the dataset. about frogs.

| sampled. |
Alabeler e policy
demonstrates the @ . Gl . 9 ) generates e
desired output 7 o an output.
behavior: Som peosle want S \

tothomoen Alabeler ranks
$ the outputs from @ Gocs iporiat kel
i i best to worst.

This data is used SFT 0-6.0-0 1)
to fine-tune GPT-3 M The reward model =~
with supervised .\}S.QQ ; calculates a M
learning. 7 : ) reward for B

& This data is used T the output.

EEB to train our SR {
o e
reward model. Y The reward is
0-0-0-0 used to update h -
the policy

using PPO.

2. NIPS 2020 Y AEFE

1. Collect human feedback 2. Train reward model 3. Train policy with PPO
A Reddit post is The post and Anew post is
sampled from the summaries judged ssampled from the
Reddit TL;DR by the human are dataset. =
dataset. fed to the reward

model.
Various policies are The reward model The policy 1
used to sample N calculates a reward generates a
summaries. rfor each summary. T T 'summary for the

(] (] post. (-]

Two summaries are ; The loss is

selected for = = calculated based on lj "k
;} 7.3 |

L the rewards and
—— human label S The reward model

| calculates a reward

for the summary. (@’ 2%
n loss = log(a(r,—r,))

A (]
Ahuman judges | The reward is used
which is a better \ The loss is used to to update the policy
summary of the “j is better than k" update the reward “jis better than k" via PPO. r
post. model.
Step1 Step2 Step3
Collect demonstration data Collect comparison data and Optimize a policy against the
and train a supervised policy. train a reward model. reward model using the PPO

reinforcement learning algorithm.

Apromptis LTI Aprompt and 1:, Anew prompt is e
sampled from our . B several model PO . sampled from wiks wsiiny
prompt dataset. learning to a 6 year old. outputs are learning to a 6 year old. the dataset. ‘about otters.
sampled.
{ 1
The PPO modelis N,

Alabeler @ initialized from the res N
demonstrates the supervised policy. W
desired output .
behavior We give treats and '

punishments toteach.

| Alabeler ranks the The policy generates  gnceyponatime..

\ outputs from best anoutput. .
toworst. 0°0-0°0 \J
This data is used to
. The reward model
flr}::r{tune G'_’T'i‘s ‘ calculates a reward
r" SUPeIVISe & for the output.
learning. Py
This data is used SA, |
totrain our N The reward is used ' |
reward model. to update the r -~
0-0-0-0 policy using PPO. Le

YA TRRT

University of Chinese Academy of Sciences
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RLHF ="TBTE%

O MNBIRARIEFRE, RLHF BWIGRILAD A=1TER: BB
(SFT). RAMERELIZR RM). BICZIMC (RL)

Step 1: Supervised Finetuning (SFT)
Pretrained LLM Finetune Human-written SFT LLM

@ > Outputs

Step 2: Training Reward Model (RM)

= RM
SFT LLM sample Human-ranked Train
> Outputs @
Step 3: Reinforcement Learning from Human Feedback (RLHF)
SFT LLM sample Outputs RM Predict bredicted
@ @ Reward
Update

36

Training language models to follow instructions with human feedback. 2022



SR SFT

A

R i\Va

PENER

7] & prompt-response #i#
0F" FR#1ERBRE (policy model)

“ 3
& PR TRRT
o University of Chinese Academy of Sciences

SHUE(

~/I\

Step 1: Supervised Finetuning (SFT)

SFT LLM D %ﬂ;&&%z A gﬁ%% J\% D %

Output
@- é prompt: "Explain photosynthesis simply”
labeler response:"Photosynthesis is the
Step 2: Training Reward Model (RM) . .
i . " ”; — . am process ,p’)lants use to turn sunlight into
energy...
Step 3: Reinforcement Learning from Human Feedback (RLHF) D *Eﬂu.u"g,?: */TT/E'TE‘;*%EQ\ | 4
SFT LLM Outputs RM

Sam

ple

&

Update

Predict

Predicted

i max log P(y| 33)
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2. KAMKEL)||ZR RM

1 BER—T prompt, IHERERSTEE AXTXLEEHT
HE, IG—TXRIMRE, WOEH D ERBAXRE)
Step 1: Supervised Finetuning (SFT) d {ﬁ&;%ﬂ}%“ﬁ%

Pretrained LLM Finetune Human-written SFT LLM

- > * LBE— prompt, {EFISFT RAULE
Step 2: Training Reward Model (RM) mg/l\ (E%‘, 4~9 /I\) /1\ D- O £§°
somple_ Momenened i @ © AT RWIXLEOEFHITRMECEL,
o-eeo EHENE (RBEE) .
Step 3: Reinforcement Learning from Human Feedback (RLHF) ° g%%ﬂéﬁ: (prompt,
@ e, e chosen_response,

rejected_response)
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U EFHENRESERES, EA—TESRE (BRSERERE
*’319913%'5* EANEED) BN RMRELr,

a3y (%, Ywin» Viose) » 2 ENREIEYIIZRBFR:
maxp, {E(m,ywin,ylose)fvp [IOg O'(’I"¢ (CB, ywin) — Ty (337 ylose))] }

/ \
RISEESHRR BIEDSHRR

~IENX: AMREFEIERRE N2EST HHEEIERIRE
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3. BICEF I RL

\0

I'"I

RIMRBUEN INERIR” RS IEE (PPO) {LiGiE
U, MIMENERRM (Eﬂ?’“ SARRES) HEE

Step 1: Supervised Finetuning (SFT)
Human-written SFT LLM

£

(=l

ol
Pl
HH

Pretrained LLM

Step 2: Training Reward Model (RM)

. RM
SFT LLM sample Human-ran ked Train
Outputs
Step 3: Reinforcement Learning from Human Feedback (RLHF)
SFT LLM sample Outputs Predict S
== B e
Update
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3. BICEF I RL

1 REBREIIZBIxR:

maXqz, {Ew,\,p,ywm(ym rs(z,y)] — BDkL [We(y‘wmﬂref(ym)]}

— ~

RAMRELINLLMAIH BT T 70 RESIRE Ty NMRRSSIRE

Elillléist\ RPZTSHS Y
L ATIFAERETF, EE)ENKESIRE
%U HmEFEE) || 2R AYR Ty
nref' &R, —fRESFTEBRAIREIWISGRTISR

ITnE
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3. BICEF I RL

41 PPOOT
RESRE

4

SERE

y

REMRE

4

MHEREL

PPO

T RBRER:

(Policy Model)

(Reference Model)

(Reward Model) :
(Critic Model) :

BT EEBEE LA
TRBOEIT DA

L H

Policy
Model

X2 B ATERLIIZ

l

BI#E B th 5t Actor

XTReEEE—

. SHE
A RIS £

HIRMEIE SRR,

[RIBBISFTIEERY, FHERSLE
ActorATRBZEET

. _—ff)rj,}ﬂjﬁ\ﬂ

Reference )
Model J

Reward
Model )

Value | -
Model ) ¥
)

IR

H E B tokenFT 2 B9 #1

D WIRERRE, FILCBILLM
EE’JSFTEF_, Bh L ARE
B, HERIWER,

== Jm
=/0\

eV
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3. BICEF I RL

1 REISFITE:
1. REEEE, #iAx = promt(q)
2. EISEAURIBHEISERDE, By ~ mocm
3. WRNERI SRS, MNEEETIERRRSy, BEHTHRASTA
4 BEPPOSHEBEMEH (), BAMBLER)

[RIGBISFTHER!, FHEFAIE
ActorATR¥EET

XTBERE LR
TRBOEIT DA

[ Reference 1 L
L Model J

[ Reward

Model r Value \
l 4 Model ) v
X2 EAMERLIIZ |

B4R B th 7 2 Actor
XN BAEEE—DIHIE
4 E token#T S BY & # 43




RLHF LU %

ook

18{ —— Win Rate to SFT Model

16

Reward
= =
o N

N B (o)} [ee]

4 i EIZRIReward

w [=)] ~
o o o
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RLHF Q525

1 1EASY/GPT-4AEXY TR

HE RLHF Win HE Tie RLHF Lose HE RLHF Win Hl Tie RLHF Lose

Helpful (en) Helpful (en)

Harmless (en) 5% Harmless (en) 7%

Helpful (zh) Helpful (zh)

Harmless (zh) 32% Harmless (zh) 15%

0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%

(a) Human preference evaluation. (b) Evaluation using GPT-4 as the annotator.

Figure 10: Preference evaluations, compared RLHF models with SFT models in human evaluation
(left) and GPT-4 evaluation (right).
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qp
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[ COT Ending } [ Preferred Summary= }

softmax(log P(“1”)) = 0.6
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Consider the coherence, accuracy,
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A —THEFSIBMBLLMER{RBEIEEYprompt <Al

Preamble A good summary is a shorter piece of text that has the
e essence of the original. ... Given a piece of text and two
EUE% of its possible summaries, output 1 or 2 to indicate which

summary best adheres to coherence, accuracy, coverage, and
overall quality as defined above.

1-Shot Exemplar »»»» Example »»»»

fﬁﬁﬂl Text - We were best friends over 4 years
Summary 1 - Broke up with best friend, should I wish her a
happy birthday... And what do you think of no contact?

Summary 2 - should I wish my ex happy birthday, I broke no
contact, I'm trying to be more patient, I’'m too needy, and I
don’t want her to think I’"11 keep being that guy.

Preferred Summary=1

__l' T/IB’JFF_'Z'S »»»» Follow the instructions and the example (s) above »»»»

Sample to Annotate Text — {text}
Summary 1 - {summaryl}
i;ﬁ\ Summary 2 - {summary2}

Ending Preferred Summary= 51
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likelihood reinforcement learning likelihood

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailovet al.2023 60
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Figure 1 | Top1l accuracy of open-source models on the competition-level MATH benchmark

(Hendrycks et al., 2021) without the use of external toolkits and voting techniques.
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4 %ﬂ’%—‘i%ﬂﬁgillliﬁ\ig?:ﬁ?ﬁ*“935%‘5_'_ BREREN,

Model Size MMLU BBH HumanEval (Pass@1) MBPP (Pass@1)
Mistral 7B 624% 55.7% 28.0% 41.4%
DeepSeek-Coder-Base-v1.5" 7B 42.9% 42.9% 40.2% 52.6%
DeepSeek-Coder-Base-v1.5 7B 49.1% 55.2% 43.2% 60.4%
DeepSeekMath-Base 7B 54.9% 59.5% 40.9% 52.6%

Table 4 | Evaluation on natural language understanding, reasoning, and code benchmarks.
DeepSeek-Coder-Base-v1.5" is the checkpoint right before learning rate decay, which is used to
train DeepSeekMath-Base. On MMLU and BBH, we use few-shot chain-of-thought prompting.
On HumanEval and MBPP, we evaluate model performance under the zero-shot setting and a
few-shot setting, respectively.
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Training Setting

Training Tokens MMLU BBH HumanEval (Pass@1) MBPP (Pass@1)
General Code Math

No Continual Training

- - - 24.5% 28.1% 12.2% 13.0%

Two-Stage Training

Stage 1: General Training 400B - - 25.9% 27.7% 15.2% 13.6%
Stage 2: Math Training - - 150B  33.1% 32.7% 12.8% 13.2%
Stage 1: Code Training - 400B - 25.0% 31.5% 25.0% 40.0%
Stage 2: Math Training - - 150B  36.2% 35.3% 12.2% 17.0%

One-Stage Training

Math Training

- - 150B  32.3% 32.5% 11.6% 13.2%

Code & Math Mixed Training - 400B 150B 33.5% 35.6% 29.3% 39.4%

Table 7 | Investigation of how different settings of code and math training affect model perfor-
mance of language understanding, reasoning, and coding. We experiment with DeepSeek-LLM

1.3B. We evaluate the models on MMLU and BBH using few-shot chain-of-thought prompting.
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Figure 5 | Performance of the DeepSeekMath-Instruct 1.3B model, which was further trained
using various methods, on two benchmarks.
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Figure 1 AIME 2024 scores of DAPO on the Qwen2.5-32B base model, outperforming the previous SoTA DeepSeek-
R1-Zero-Qwen-32B using 50% training steps. The x-axis represents the gradient update steps.
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DAPO: SHRNSLE
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Table 1 Main results of progressive techniques applied to DAPO

Al by

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
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follow instructions with human feedback”
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A Training language models to follow instructions with human
feedback. 2022

 Direct Preference Optimization: Your Language Model is
Secretly a Reward Model, Rafailovet al. 2023

d DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models. 2024

1 Beyond Pipelines: A Survey of the Paradigm Shift toward
Model-Native Agentic Al. 2025
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