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Abstract: Policy Optimization (PolOpt) has become the backbone alignment technology for modern reasoning-oriented
large language models (LLMs) , powering state-of-the-art systems from OpenAl’s GPT series, Anthropic Claude to open-
source reasoning models represented by DeepSeek-R1, Qwen2. 5-MAX and LLaMA-4. Unlike static supervised fine-tuning
(SFT) that merely fits fixed labeled corpora, PolOpt leverages reinforcement learning (RL) to iteratively adjust model out-
put distributions via numerical reward signals, bridging the gap between model generation and complex human prefer-
ences, logical reasoning rules, multi-step mathematical derivation and coding verification standards. Since the proposal of
Proximal Policy Optimization (PPO) in 2017, and the birth of Group Relative Policy Optimization (GRPO) in 2024 opti-
mized for LLM group sampling scenarios, a huge family of derivative PolOpt algorithms has emerged within only two years
(2024-2026). These variants have been widely deployed in mathematical reasoning, code generation, multimodal genera-
tion, agent task automation and simultaneous machine translation, yet existing academic reviews only focus on partial

branches such as RLHF pipeline or single GRPO improvement points. No systematic hierarchical taxonomy covering the
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full evolution spectrum of PolOpt has been proposed, which creates heavy information fragmentation and raises high learn-
ing barriers for researchers who intend to select, modify or customize PolOpt algorithms for LLM reasoning tasks. To fill this
research gap, this paper systematically sorts out all mainstream PolOpt algorithms published from 2017 to mid-2026, and
constructs a four-layer hierarchical classification framework (Level A: General PolOpt; Level B: three core paradigms B1
Basic PolOpt / B2 GRPO variants / B3 Extended PolOpt; Level C 7 subdimensions; Level D 19 fine-grained algorithm clus-
ters). The timeline evolution diagram clearly distinguishes the three core technical routes of PolOpt: the early constraint-
based baseline paradigm (B1, including PPO and GRPO) , the intra-framework optimized GRPO variants (B2 with four
orthogonal improvement dimensions: sampling modularization, reward shaping, advantage variance control, training effi-
ciency tuning) , and cross-paradigm breakthrough extended PolOpt (B3 that abandons GRPO’s core objective function and
reconstructs new learning frameworks for cross-domain, multi-agent, diffusion generation scenarios). This taxonomy
strictly defines the classification boundary between B2 and B3 algorithms retaining GRPO’ s group relative reward mecha-
nism and KL constraint architecture are categorized as GRPO variants, while those that restructure policy update logic,
learning signals or overall training pipelines are classified as extended PolOpt. On the basis of the proposed taxonomy, this
paper conducts a comprehensive comparative analysis of over 50 representative PolOpt algorithms including DAPO, RePO,
COPO, MAGPO, DPPO, MiMo-7B. For each subclass under C1-C7, we elaborate their core innovation logic, mathemati-
cal derivation highlights, hyperparameter sensitivity, computational overhead, convergence characteristics and suitable
downstream tasks. We also summarize horizontal comparison metrics covering reasoning accuracy , GPU memory consump-
tion, training stability, generalization ability across math/code/multimodal tasks to provide explicit algorithm selection
guidelines for industrial and academic practitioners. Through systematic induction of existing experimental results, this
paper identifies three universal bottlenecks restricting current PolOpt performance: (1) reward sparsity and noise amplifi-
cation, where terminal-only binary rewards in reasoning tasks lead to weak gradient signals and group normalization magni-
fies random noise; (2) multi-objective weight conflict, static linear weighting fails to balance accuracy, conciseness,
safety and creativity simultaneously; (3) scalability barriers under trillion-parameter LLMs, including high value network
overhead, inefficient distributed communication and reward model coupling costs. Furthermore, this paper forecasts three
high-potential future research directions corresponding to the three core bottlenecks: first, reward densification and robust
estimation, combining intermediate process reward models, multi-modal joint feedback and Bayesian noise filtering to alle-
viate sparse gradient issues; second, adaptive multi-objective Pareto optimization, introducing dynamic weight adjustment
and hierarchical reward architecture to resolve target competition; third, lightweight distributed PolOpt training frame-
works, including reward model distillation, parameter-efficient fine-tuning decoupling and asynchronous group sampling
architectures to cut hardware costs. Different from previous review papers that only summarize technical details, this work
builds a traceable evolution roadmap for PolOpt and unifies scattered mathematical symbols, loss functions and group sam-
pling formulas into a standardized symbol system, which lowers the reproduction cost of existing algorithms for follow-up
researchers. In terms of practical value, the proposed classification system provides clear algorithm selection suggestions for
different resource constraints and task scenarios: lightweight tasks with limited computing resources prioritize GFPO and
RePO; mathematical/code reasoning tasks adopt GRPO, TreeRPO or COPO; multimodal image/video generation selects
DanceGRPO, MixGRPO, DPPO; safety alignment tasks apply MO-GRPO and GAP; real-time low-latency reasoning uses
LAPO and HBPO. For open-source LLM communities such as Qwen and DeepSeek, this paper also sorts out the compat-
ible matching relationship between mainstream PolOpt variants and open reasoning models, which can guide industrial
practitioners to build low-cost, high-performance RL post-training pipelines. Finally, this paper briefly distinguishes
PolOpt and Preference Optimization (PO, including DPO, CPL) to clarify the two branches of LLM alignment research ,
and points out the limitations of current GRPO derivative improvements—most incremental optimizations lack rigorous gra-
dient theoretical proof, while extended PolOpt that breaks the original framework will become the mainstream innovative
direction in the next two years. This systematic taxonomy and bottleneck analysis can support researchers to carry out tar-
geted PolOpt algorithm innovation for complex LLM reasoning and multi-agent intelligent systems.

Key words: Large language models (LLM) ; reasoning models; policy optimization (PolOpt) ; comprehensive review; tax-

onomy
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Fig. 1

The detailed taxonomy of PolOpt algorithms comprises four levels (A, B, C, D) with specific categories under each. Paren-

theses following the names indicate their respective category designations. Each category includes several specific PolOpt algorithms.
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(C2) MBS RS (C3) FeR i etk
(C4) % TR 4R

A Z T, B3 Jy i fie ok i 3 0 RRAE 7 T 7E
)2 LA AHT 20k, X Se ik AR T L 5
GRPOHEZR , F: 2 X A7 TR EM . BN
FEAUAN S FA] B A 0 R 7 48, T A T I X B Y2
Pk iy B AR B SR R o N E SOGE SN
505 2 08 Bl B mg (CS) 32 Ak 5 5 0 g 2 )
(C6) Gt — 5 BATKRBAELL (C7) (C7) A5 4T
Gk, B3 kA E O B NS B AL 15 1) R
EUOR AL E AR B 80 Tz Ak RE 1 2
b PR A RS54 G5 GRPO XE LS X 118 52 2wt

3 EdtiPolOpt (B1)

HAili PolOpt (B1) AES PolOpt 1A% .0y 375 L 8
T4 1740 3R A% PPO (Proximal Policy Optimi-
zation) FI5f5 4. 2 75 140 [ iR ) GRPO (Group Relative
Policy Optimization) , X 265375 4 PolOpt 1) B i K&
B 1 IR IRY B A, IR AETE = R A I 2 S o
KRG ARE TN R A R e AL, TR
PR RGERE TR TTER T, S RAL Rl 5 5, DA i
FT TR AT RACEINZ AL RE
3.1 PPO

PPO (Il 3 S W& DG A ) S — 322 W LA 531 ik
FHT RAE SR s by S 3, A [
Tl SR WS BRI 04 W 88, A A5 A 1SS AE G , AT TEAT:
AR FaoE PR g Z 8] S5 B T 1 4 (Schulman
85,2017) o ARTOR TR PPO MR OBEE: , B
ABRTT S 3 h Rk 1

PPO %0 BUEAE T H R A XU 24 L) -

1) KL A < 300 2 R o] XoF 507 5 s 124 O 23 , 7T A5 4850
A Rl AR i RN T 5 | K B o SCHHR B4
HEmAK12)FioR

!
KL(m ;) = E“(mm[logm 1. (12)
ref

2) STOIHLE i HLH] & AL B 1k T EXH Il ke
P 3 R T B R R SR s BRI o da o o AR R

r(0) = oWl V) o o e s st (13) R
Wuld(ytlx’ }’<,)

BRAIFELL — €, 1+ e [XTAI PN, DA il A3 203001 ) 0200 B
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BN
clip(r,(0),1 —¢,1 +¢€), (13)
Horpr e BRI TEF R HE S AL
PPO 53530 1o 288 HEA T M i S W 0 SRR il
B Pl ik v B R s TR, A A R 5 SR R R 1
Fomh b, e RIS . TR0 AL BRI S e F 5 3
GROE=R7 SIS
3.2 GRPO
GRPO Hi DeepSeek JF % , 1 2 PPO 1Y ekt i F1 4™
i, B R Y PolOpt 5 25, JTEHEFRAAY 13l 2k
H 5332 W (Shao Zhihong %5 ,2024) . A F0RHE
1T GRPO M SCHEME S , T VR 40 bR B 3% 3 th vk 2. 119
TR
GRPO [A%.0 FILEAE T4 5 17 X BRHIn A0 (8 ek 2L
(RS , i PPO T 2h AR 63X — Dh g . th4h , GRPO
K KL R A3 30040 iy st R80T
1) BEARAEXT 2l - GRPO SR FHAH X2 Jih /5 A [
— [ B2 A RAE F s 1 LA AR A, BRI A X (14)
JIE7 AN S LA (B PR BV A PF R o
A R(y.x) =R
%=($&». (14)
2) KLBUBEEVE M LI : KLU & SO i 5k
W5 25 g Z [l 25 5, BRI A (15) s, i
H BAE T By 12 B
J(0)=L(6) = B-KL(m llm,,). (15)
GRPO 38 52 HJE T4 AR 1 AH X 22 Rl AL, A 2K
fife R T R IR F SRR P OGPk .
B 2H N2 — AR T PPO A0 0 A bR

B, NI JCTE IRk 7 ELT 335 45 0 (5 0 45 BRI
TSRS ZR AN NAE R o AT R Z AT 45
il {5 5 A 50 A7 A6 B 75 A [ 5L, GRPO 3l 3 X FE 43
MRl — 478 T A 2, [ s A BT 51 R A b
LA B SO 3E 5 DT K B2 Tk U
PEAIE 2 8% . GRPO 1y ELAAR S804 B 1 UL 5% 3
TR 2,

4 GRPOZT{K(B2)

GRPO 25 1R (B2) & X} LA GRPO AEZE 1Y fi Ak 5
P R X SRR OS54 AT T A0
B BRI ER T R iR, R T 2
A B AHT vk AR TESE 4. 1 TR TR A AR 1R
FES R AL (C1) 26 4. 2 1 PR 41 B A A 5 Jil
B S5 (C2) 5 4.3 77 HP R4 R i L 5 0
L (C3), DL L AESS 4. 47 rh 1R 20 1) 3R (9 20 2 A
FREPEAL(C4) .

4.1 RESEHRLIEE(CL)

KRR AR LB R (C1) W 56 0 2650 . —
JE 5T MDP H1 SDE iR A (D1) , HAK N 25 1F UL 5
4.1 179 O RMEHAE S S ACREE (D2) , TR AR T
SR 4. 1.2,

4.1.1 K£F MDP FISDE [ EE(D1)

AT 44 DanceGRPO %32 Fll MixGRPO 447
(Xue Zeyue &5 2025; Li Junzhe %5 ,2025) , HiREHE
L2,

*2 DIEZEREHARER
Table 2 The Details of D1 Algorithms: The table includes the short description, author and publication year for the Dance-

GRPO and MixGRPO.

X7 N4 (=3 5
DanceGRPO SR B IR AT P BB AL 3 R R R AT 5 M Xue, Zeyue, et al. 2025
MixGRPO o R AT AR AL Li, Junzhe, et al. 2025

R 2 Frn D125, LA N B XT DanceGRPO 55
12 M MixGRPO 5k i A2 0 S8R 5 R8T i (B A7 1F
2 )38

1) DanceGRPO: Dance Group Relative Policy
Optimization (DanceGRPO) % R L3¢ A= Bl AT: 55 1M 15
T W0 w5 ) HIOSE BRI I U 5 2 AU %07 k0

T A AR TR () 2 M g A AR Ry T IR AT e SR Ao B
(MDP) , 345G BB 5377 72 (SDE ) RAEERIAR A 4K
fife TR T AR G A ) R AR AR AT 55 Hh T I Y
B e M R, LR S A Y 1 2 B B SR 3 R
A3,

2) MixGRPO : MixGRPO (Flow-based GRPO with

© h[E KR KL AR



Ztim, EEFM, FFHW, B
KIESEBERBRUTE: 2L HRERE

Mixed ODE-SDE ) f& —F = %0 4 Il ZRHE A2, 3 3 >R
1R ODE-SDE RAEHEA , B LT T I DT BB A 78
N GF X FAE S5 i Mg . IZHESS I i B 5 1
PEH T 77 2 (ODE) 5 BEALG /75 2 (SDE) [ R A
TS, FE WY BN Y R L B h g | ABEALYE T
ghA Ak 2 AT O, TR BR AR T 3 H 5 AR

I 3 T O ST FLURSE IR 1
ZRI s 3 AR L 4
4.1.2 RPAL SIS RAE(D2)

AT MMGRPO $.3% | Scaling Up RL % 1%
1 GFPO 59% (Ziems %5 , 2025 ; Liu Mingjie 5, 2025
Shrivastava 5 ,2025) , R EHELL L3 3.

®3 D2EZHEHAER
Table 3 The Details of D2 Algorithms: The table includes the short description, author and publication year for the
MMGRPO, Scaling Up RL and GFPO.

RS 4 1e& 4y
MMGRPO FEAE TR S RN A kS AR Ziems, Noah, et al. 2025
Scaling Up RL KRR 0 B SRR KL IEWL RIS % R T Liu, Mingjie, et al. 2025
GFPO £ 75 A DR A R A B I D P A T Shrivastava, et al. 2025

W 3 PR D2 2853k, LUF $ X MMGRPO 57
i Scaling Up RLAVEFI GFPO Bk A% .0 A 5
BT EHEAT VR A -

1) MMGRPO: MMGRPO (Multi-Module Group
Relative Policy Optimization) {E & GRPO ) 4" & 5
R LR ZHYGE R A R B, %07 Rt
TERLYZ H 51 A GRPO B 7 2H AL , A7 Bk 1 %
R AR A P L R AN — BN 45 F A T 3
Y XERT . MMGRPO FAZ s B TE T 5 AR [] A B
8 B B 90U 300 ) 5%, R ITTAS) AR R 2 GRPO 4, X
— B EAMLAE R T GRPO A% O AL 3, AR A
BeA AT TS T R R . HAAAN T 2 Wk =
3RS,

2) Scaling Up RL:Scaling Up RL J&—1il 5 7£ 2
TH/ANRLTE S AR R0 | i A P 122 B e 45 5 e e
PRES5 HRIAIMTSE I o 2Rl A o Ay
YNGR, T8 G ZRME 55 AL AR, LK 2 Fii
FIbR o HAZ 0I5 AL 36 % 1 Al B e Y 2 i 15 5 38
58 GRPO 5735 (KL W A6 LK S W0 1 2 2% S s B
A HOR A O TR T AR v B A R B A
R P ) R, HL A S B AR O 2 ) B s 3 Y
k6.

3) GFPO: GFPO(Group Filtered Policy Optimiza-
tion )t — PP EF X ORI RO A 5 A 27 > Y i
SR CIVANEY 2 SRR €120 I S W Rr St bu
TEN S5 B B 38 0 SR i) 167 ) 2508, I 07 128 1K A5 45 T
$ 25 2T R A MR S UG B, DA 7 A PR B AR

B A 1R HLs i o BRSBTS B SR
3L T
4.2 gt 5EE(C2)

BT A (C2) A& A0 20 24
JERPHBE(D3) LA 4. 2. 17 5 S ARl 5 751
Ak (D4) , PEULES 4. 2.2 s 2 Hos 5 A & W% il
(D5) , TEULEE 4. 2.3 17 5 K [ & M 5 7 51 4% il
(D6),TEWA4.2. 4777,

4.2.1 ZYEEEREiIt(D3)

ARATEEA 4 AR-GRPO 5.7 . DAR-GRPO B 1k 1
GRPO-CARE 7% (Yuan Shihao %% ,2025; Chen Xiwen
4520255 ChenYi%%:,2025) , o RBHESR W% 4.

4 frs D3 RH %, LLUT# X AR-GRPO 57
% .DAR-GRPO . 1% Fll GRPO-CARE &4k iy 4% .0 &
S EH B TR .

(1) AR-GRPO: AR-GRPO (Autoregressive
Group Relative Policy Optimization ) & — F 4 5 fk 2
R A BB AE SR A RTE B AR . %07k
3 el GRPO 553k, IR 5| A Z 4R bl , BEfE A
AL AR BB A SR , I BT MR T i ()
BB 325 NS e mds o FLAR SN 1 3 Z ) [t
SR 3R 8.

(2) DAR-GRPO : DAR-GRPO ( Z ALV B2 Jil
P4 GRPO) & — Lol KALE & B FE s fk 2]
AU R B S T A 3 R R S I 2k A RO IR T A%
4t GRPO Bk il TR i b 15 5 5| & 1 2Rk
5T ANVCEL " XES 207 VR R
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R4 DIHZEHFHAER
Table 4 The Details of D3 Algorithms: The table includes the short description, author and publication year for the AR-
GRPO, DAR-GRPO and GRPO-CARE.

A7 N eE &h
AR- Yuan,
GRPO The main improvement of AR—-GRPO is the multi-dimensional reward design. Shihao, 2025
et al.
o . L . e . Chen,
DRA-  The main improvement involves explicitly incorporating semantic diversity information into the reward Xi 2025
GRPO design. e
et al.
GRPO- Chen,
The main improvement of GRPO-CARE is its dual-level reward mechanism. . en 2025
CARE Yi, et al.

B AR A IR R LR s Ho Al
FEARITUREE , GRS A AL R AL . 7E 98 IR AZ R
ST %07 R RE U8 U B AL PR R 2 FE Al i 4
PR AR, L HE S R s B A A AR I . BLAK
SEIAN T 2 B o 3 T B 9

(3) GRPO-CARE: GRPO-CARE (Consistency-
Aware Reinforcement Learning) & 7 [F) 2 {1 £k 4 #Has
A R e T 5B 8. R RUZ 2 )
BILH] - A2 i PR 225 22 A e e, T 1 — Bk
H i VO T $ T R AR ) A BT ORI
e 2 AR W BV AT AR 5 AT 55 oA R T R A

FOPEREFI AT A RETE . HARSE AN 15 35 2 el B =% 3
5L 10,
4.2.2 FAERS ALK (D)

AATHEA 4 GRTPO H3% (GTPO 53k L GRPO-S
B4 L P-GRPO H i 1 S-GRPO 57 1% (Simoni 5 ,
2025; Tan Hongze £ 2025; Fan Lishui 4%, 2025; Dai
Muzhi 55,2025) , HOREHEZL LKL 5.

T S TAEAE A GTPOs, S ¥ IS I | AR SOBf
Group-Relative Trajectory-Based Policy Optimization
Pk GRTPO.,

®5 DAHZEMFARER
Table 5 The Details of D4 Algorithms: The table includes the short description, author and publication year for the
GRTPO, GTPO, GRPO-S, P-GRPO and S-GRPO.

KER7S R (= Ay

GRTPO 2 B A T ML R s e M A . Simoni, Marco, et al. 2025
GTPO K token 2 HLI - Tan, Hongze, et al. 2025
GRPO-S K sequence (JFF) BT o Tan, Hongze, et al. 2025
P-GRPO R post=hoc % Jiili 73 Be 5 B gt e GRPO [ A A6 2 T 2 1), Fan, Lishui, et al. 2025
S-GRPO SR HITFHI LAz RN e il s Dai, Muzhi, et al. 2025

WS fifR D4 2R5 T, LUT KX GRTPO 5% |
GTPO ¥ . GRPO-S 5% ( P-GRPO %1% Fil S-GRPO
A AR S QRN A T TR0 A

1) GRTPO: GRTPO (Group-Relative Trajectory-
Based Policy Optimization ) %%k T GRPO JiT [&il 1
AR JEE I 9 TSRS 9 1 (R A, IR e A R TR
PO B I = AR AR 2L il rh 5 ) i 54 A JRAE I
ELhl RS TR TR AU S ERE R . X e

B AR 2 o TN R AR E P L B R
TREETE TR EE G PERE . BRI 19 1 2 1] F
FIPHREE 1L,

2) GTPO and GRPO-S: GTPO (Group Token
Policy Optimization) I GRPO-S (Sequence-Level
Group Relative Policy Optimization) J2& P 3 F s 25
WAL 5 Ak 22 ) 5k, B 7E i B GRPO 45 il 4y
L ARG B A4 1], JEHOE ] TR BEHE AL 55 . GTPO
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KIESEBERBRUTE: 2L HRERE

M A Ry B A Sl AR ANACE T L S TR
A fE IAMIC . AREEZ R, GRPO-S i3 34 7 471 )22 1
A4 S M (L, 7 7L BE S 3 SRR Z TR HUAS: 1P A
1B T7 VL A I B AR P B TN 2 1, 1
FOE TR T OCH MBI R, AT R ST TR
AU HERRRE T o HARSE AN 515 2 el [ 5k 3 Hh A 3E
12 MK 13,

3) P-GRPO: P-GRPO (Posterior Group Relative
Policy Optimization ) j&&—Ff Q157 (1 s 4k 27 > Ir ik %
DA B R S A R, BT TR
RITE E R O HERRE ) o HAZ O HLRIAE T, U7
55 CHy s (R A= g g A A 388 3 e A X 491) A8
TRl 1 — BT B A R 1 TR, SR
TR A A P A L AR A e — . B

PRSI S  3 FR Y5 14

4) S-GRPO: S-GRPO (Serial-Group Decaying-
Reward Policy Optimization) | 7E fift e K U 15 75 1 AY
R H A i BRASE R AE A S AR 5% (CoT) ad R B Y
CHERERE TR %5 A I T AR A ORI
WAL T AL , A7 A5l A TR A B S B B ™ s Jo
AR HE BILAR 3R I A8 S8 e HIUR RN 22 0k 3R
W7 0 R A B O Af 1 ) Bl L, 2 20D TR
Ao HARSCBUARTT G 2 B b ¢ 3 Bk 15,
4.2.3 ZHbs5 A2 (D5)

AR A 28 GHPO 5135 F MO-GRPO 593% (Liu
Ziru %, 2025; Li Xuying 2§ , 2025) , H K 25 HE 42
W6,

*6 DIEZEMEMRER
Table 6 The Details of D5 Algorithms: The table includes the short description, author and publication year for the GHPO
and MO-GRPO.

Bk A (=2 4y
GHPO WCHEAE TR P SIS E AN AT S R 5 5 Liu, Ziru, et al. 2025
MO-GRPO HBUHTE T H 2R R AL Li, Xuying, et al. 2025

3% 6 iR D5 K535, U4 GHPO 32 il
MO-GRPO %53 i 4% 0 BB AR5 A1 37 A0 (6 2F 47 1 2
3 «

1) GHPO: MR 45 #EA  Jil 19 # 5 % , GHPO
(Guided Hybrid Policy Optimization)%@ﬁﬁ’lﬁ‘/ﬁ\jﬂﬁ
SRy TR B PRIME T 2 S o X TR R Ay TR M A A
K RGHTIABIE LR b, NS, IR )
TE R T T AREAS U 4k 2R P v i Ak 2 > 1Y)
PREMUH o H ARSI A0 15 35 2 B i 5 3 rh i 3
%16,

2) MO-GRPO: Mo-GRPO (Multi-objective Opti-

R

mization Framework based on GRPO ) & 7E S B 1E 5 4
RV 224 PE S O AR L 25 il i I SR 2 bR
AP AR, IR o A E LSRR AT AR R
SCETHEE Z AN AERE Iy o X SEPE S22 0 AR
BB NG — 2 E S B4 A GRPO Sk AT
Al BARSHLAN 1 2 W 5% 3 th 3 17
4.2.4 KA ST (D6)

AR A 41 LAPO B 3% Hl GSPO 57 (Wu
Xingyu 55,2025 ; Zheng Chujie 55,2025 ) , H R EHESL
W7,

x7 D6EEMEHER
Table 7 The Details of D6 Algorithms: The table includes the short description, classification, author, publication year,
and number of references for the LAPO and GSPO.

RS R (= 4y
LAPO P R A IR SZ S IR 3R ) 24 e A S R Y N T g Wu, Xingyu, et al. 2025
GSPO K FRFETF 52487 FIMBL SR i B R AL AR BT ML) Zheng, Chujie, et al. 2025

W3 7 fis D6 285 %, LU R ¥ X LAPO 53725 Al
GSPO Bk A% U AR 55 Q5 M (B2 7T 340 1 3R

1) LAPO:LAPO(Length-Adaptive Policy Optimi-
zation ) A A% U BR T T 50 PRl A7 28 A 4 B A A ST A

11
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X AR ) R B35 SR B R 2 B 2 b T AR LA
TG E RN . LAPO B R 1 — Tl M i B A
B XM B E Bt T A AR R A < 1 e, L
R o ) A R Y A H B R A of 5 i
Ja , AR BB UK SO TR A RE ST o G
OMESTE WM ¢ 4 h B3R 18,

2) GSPO: GSPO (Group Sequence Policy Optimi-
zation ) i it F7* 51D AR T A LU AR AT P A1 SR T A
HAG VA — A2l A1 DAy A S o [ 1) DI B, 6 O 22 il
AL 5 P SN R A = — B RO B TE A
B 3 B9 19,

4.3 RBEFEEF(CI)

PR T 22 (C3)EHE = A0 - 3
ZRPESRE (D7) LA 4. 3. 179 ; M B 5
AL (DY), FEW S 4. 3. 2785 ; A K ek g At i
(D9), WA 4.3.3715,

4.3.1 RHARZHMESTEMEDT)

KA 43 EDGE-GRPO %% . Hybrid GRPO %
% | TreeRPO % 3% Ml MEML-GRPO % % (Zhang
Xingjian 5% , 2025 ; Soham, 2025; Yang Zhicheng 5%,
2025;Jia Weibo 25,2025 ) , HoRBHESR L% 8.

®8 DIHZHEFHMER
Table 8 The Details of D7 Algorithms: The table includes the short description, author and publication year for the
EDGE-GRPO, Hybrid GRPO, TreeRPO and MEML-GRPO.

RS e} (=2 4
EDGE-GRPO U E TS| T A R AR IR S L 5 Zhang, Xingjian, et al. 2025
Hybrid GRPO WCHAE TS R B B T (B R B Sane, Scham. 2025
TreeRPO OCHE AL G SRAEAILT B B A R DL MG S il IR Bt Tk Yang, Zhicheng, et al. 2025
MEML-GRPO ARG S L AR XT3, O3 Tz L St AT BUOR Ak Jia, Weibo, et al. 2025

W3k 8 froR D7 K53, LU 5 *%F EDGE-GRPO
545 | Hybrid GRPO %51 | TreeRPO 5. 7 Fil MEML-
GRPO 32 Ay A% Lo A5 BB AN (A T 200 P 3

1) EDGE-GRPO : EDGE-GRPO (Entropy-Driven
GRPO with Guided Error Correction ) J&—Flt 5 7 fiff-
e e e el e R [ E i K RF I VX SRS TR U1 AN
1A EENLA] AT I T T W B Z R 5 R
i Bl 51K 3y 00 B SR s I AL DL 35 5, I8 3 SR et I
AER T, I o T AR R B A S 2T 55
R ILAE Ty o ELARSCIAH718 S R B 5% 3 h i 35
7520,

2) Hybrid GRPO: Hybrid GRPO (Hybrid Group
Relative Policy Optimization) %545 1T PPO 1 GRPO fY
XUCE AR #3275 238 F) A (R BV () A E
P, R 2 s RS, 70 B RS R I A il 2
ANSHEREA, TR BOE Z I 2680 . X —BFnix
TEAUE & T REASR 38, A R E T SR s 8
it #E . Hybrid GRPO UAZ 0 TE TP 2850 R A 5
(B eR LAY 5 | AL, BERAR 707 22, SOk T 262850
3V T L ) s REAS SR 2R B DA, ELAAR S 1
Zr[ o 3 TR AL 21

3) TreeRPO: TreeRPO (Tree Relative Policy
Optimization ) & — 5 TRERFERY SR E S ik, &
Sk I T R HEEAT 55 150, RR S HR Atk
JEMR G S o AU HLHE 1 S50 R AR, TEAR
(7] 4 A0 R v A7k SR sl 40 B, AT A28 %o i it
T2 Jh AR (O . 3% 07 KR AE GRPO [ A [,
FHR SR AE AR 11 20 R A3 2H R S AR X 2l 8 3
PRI T AR AR B A A R AT 55 v MR B R K
R FARSTILN G S R SR 3 T aR T 22,

4) MEML-GRPO: MEML-GRPO (Multi-Expert
Mutual Learning GRPO) J& % 2 K IUIE 75 1 AL BT
G5BT R A 2 SR I TR RAS | T il ke T 2
b B A B 2= 25 S A R XER . MEML-GRPO
(R OAILRIFE T2 8 LU E A BT - B AR T i X4
Jal 8, i 2 3 ok b R — 4L (B 7)) 76 A [H]
) A T I AR RS S TS S S
o | AR TR 1o v ST 28 1) AR O SR I 4 IR il
R AR TR TR i 0 U ) R R AR R R T
AL AR PR BE TS R kAR . LRSI I 2 0]
B SR 3 i B 23
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g P 5 Bh ALk (D8)

4.3.2 &%
K A5 B A 4 Flow-GRPO % 1 TempFlow-

GRPO B (Liu Jie Z5,2025; He Xiaoxuan %,2025) ,
HARBAHES L 9.

*9 DSEEMEMER
Table 9 The Details of D8 Algorithms: The table includes the short description, author and publication year for the Flow—
GRPO and TempFlow—GRPO.

Bk N4 =3 Fh
Flow—GRPO 3438 {3l 43 F2 5 40 A REAIL AR 20 A LA B S B M 7 11 ) SR Liu, Jie, et al. 2025
TempFlow—GRPO  BGEA036 B30 43 57 Ainge e S8 AL He, Xiaoxuan, et al. 2025

I 9 TR D8 2EH L, LU T KX Flow-GRPO B%
12: 1l TempFlow-GRPO %75 (1 4% .0 U 5 A8 1A
HEFTTEAN )3 -

1) Flow—-GRPO: Flow Group Relative Policy
Optimization (Flow-GRPO) J& — i 81137 J7 2% , 38 1 K
TELR AL 2] 5 R VE BB AR 2545, A B 3538 i o)
7 35 B BEAL G 7 TR A B S A MR B AR, S B AL
M2k, BHAARSCHANTE SR R 3 Bk 24,

2) TempFlow=GRPO : TempFlow-GRPO ( Tempo-
ral Flow Group Relative Policy Optimization ) J&—Ff%}
X Uit DE B A Y () ] TR AL 7 ST HE SR o i HEZR AT

XHEGE GRPO J5 i 7 3C A T 55 i ifs i) R KR 35
( Ly R i Bt A A1 AR A ) , BB 5 T A
TR 53 S W R R IAHIL R o 3 A [R] A
B BOR 22 AL OUAL SR WS IZHE SR I S 4R T T AR 1
MG AE N S g% 5 FIO 5 I 12 T ) 5 8 B
LRSI AN 15 2 ) B 5 3 rh 53k 25

4.3.3 IR HEALTTH(DI)

A ¥ A 4 GAE-GRPO & % T-PPO &3 |
VAPO 5 % fil GPG 5 ¥ (Schulman % , 2015; Fan
Tiantian 2§ , 2025; Yue Yu %%, 2025; Chu Xiangxiang
45,2025) , HORBHESE WL 10,

F10 DI HEMFHES
Table 10 The Details of D9 Algorithms: The table includes the short description, author and publication year for the GAE-
GRPO, T-PPO, VAPO and GPG.

RS 4 fe& &y
GRPO-GAE  RJH GAE & A B HAR# Schulman, John, etal. 2015
T-PPO SR Rl A A9 '€ GAE (195 Fan, Tiantian, et al. 2025
VAPO SR B 5i BU H (B AR 2 AL AR BILR Yue, Yu, et al. 2025
GPG T AL A — AR TR B R A, R R A T AR SR 4 1 O AR Chu, Xiangxiang, etal. 2025

W3R 10 s D1 ZERE , LUF ¥ X GAE-GRPO
BE T-PPO 53k \VAPO B Al GPG Bk A 0 L
SR I E AT TR0 A -

1) GAE-GRPO: {1t 3% pfi B0 5 W 5 35T 19 A% .0
WKzh Ay, R )T CARFAL T (GAE) , GRPO #E
% 2 A A T 22 5 0 2%, DT SEORS 6 i 2 A 3
YERIRIHME o A% O MRS LR 5% 3 5895 26,

2) T-PPO: T-PPO (Truncated Proximal Policy
Optimization ) i 13 # W7 A B . EGAE fE #5411 DA J 5
ST B, SCHFR Ak . 7 I AE4R R
PR AY [RIsF, 75 285 Ak B S i 10, SE B SR g
WS R R B R . ANl A SRR

WA AT B OR T WSCBIUE , TR T 5803 5 s
JEZ AR 1 58 601 o A0 ME G IR 5% 3 iy
A 27,

3) VAPO: VAPO (Value-model-based Aug-
mented Proximal Policy Optimization) BB K R
P (Long-CoT) f B 2 il ()5 fb 2 ST HEZR o X HESR
b G ARG 53 A & O] S R
TAELE PPO TEA T HIAL 55 v i A4 = RO« (i
R i 22 7 B JBE AR — P DL R S i A i P o
RO DR 5% 3 Th A5k 28

4) GPG: GPG (Group Policy Gradient) J&— Ffi kg
i FL s s Ao 21 Or ik, KO AE T B AL

13
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GG AERALAE 2] B s, JCRT OB M (AR 2 B A |
KL 2 5 sl B 00 2 pR 8 . GPG i o A 41 2 il ) —
P AR SFAG THOL 3 R B AT RO T 8 B Al i
% WA TSI TR EE AT AR, T 18
1E H TEAREA (B 52 42 1 [ w671 g i 17 ) 25 76 118 6
P2 o TRV, SR FH I (B AIL A 45 1 A 380REAS 1 L A7)
BRI B AR e M o e A O MR W TR U6
B, 6 2 R B 5 3 i 5k 29,

4.4 MES5REEMKML(C4)

R GREMENAE (CA) , FRATThT LR =A%
O 2800 B S Y 2R ok R SR B (D10) |, 3 LS
4.4 17 R SR (DI PR WA 4. 4. 2755 LA
FA— AL 5B EE R (D12) , TEILEE 4. 4. 375,
4.4.1  HIEMNIIZE RHEEFRE(D10)

AT AGPO B3 . CPPO B3k \DAPO 3k
Fil RePO % % (Li Chen %, 2025; Lin Zhihang % ,
2025;Yu Qiying &5 2025:Li Siheng &5 2025), HoOREL
HEZRILFE 3,

W11 iR DU, LUF KX AGPO 5303 |
CPPO % %5 . DAPO 5 1 il RePO 54 3L 4% .0 A8 5
B (B AT V20 B3R

1) AGPO: AGPO (Adaptive Group Policy Optimi-
zation ) J&— MR AL IR A 22 2] B, B FE eIk GRPO
FEVI R e M FHERAOR B . a5 A A&
MR BREL, AGPO AU BRI T GRPO Hilll 2545
S AL A T HE Dy 2 5 60 (8 T B0 i 2l )
R T HL R AR S B S R T A R R
FLIRGHYT 2 LR 5% 3 P i 58095 30,

2) CPPO: 7EE & BT 55, GRPO L 1Y [
G PN 7| S0 Y SR A B N T o = 7
B4 DR RESR A RN E 5o g R sh a4
L HIR 3 R CPPO (Completion Pruning Policy Opti-
mization ) X} £ 56 B AS B9 i e AL ), (PR B 28 X4t
FEH R B 1A = y BREAS A 350 i JC sl
B, DT I R BE A e IR ROR Mg o AR5 2 0L
B 5% 3 AR 31

3) DAPO: DAPO (Decoupled Clip and Dynamic
Sampling Policy Optimization ) #8451 W0 RAZLFEEAR
B ASRAE LI 2 MR R WA L 450 R FIEE I 4
JIEEIE o X BEEORAT R TR T A7 T A B S
ARSI (R P AR AT RO MR, 32 S T 1 A
MRERE T SRR EE . BARLNSY 2 IR s 3 v
IR 32,

4) RePO: RePO (Replay-Enhanced Policy Opti-
mization) J& —FP S HERY R A 2% 2 i gl TR 22
PRRILAR , 2L i) 8 o i A IS A R R AR (SR
)5 ik 2 i DX AR MUY I3 SRR AS (FE SRS A1 ) AH 25
B IR o 1207 W R T T BE AR
YR Z e A 8507 T GRPO S54% 4t Jr vk PR R
B YT R AE AT A RS AR S TH R R, A
PR 2 WM =% 3 Y 3k 33,

4.4.2 RBHSRER (D1

A5 B A 44 Gritique-GRPO B3 F1 SEED-GRPO
Bk (Zhang Xiaoying ZE 1 2025; Chen Minghan &
2025) , HOREHER WL 12,

F11 DIOEEMFMER
Table 11 The Details of D10 Algorithms: The table includes the short description, author and publication year for the
AGPO, CPPO, DAPO and RePO.

CA73 i

a3 4

AGPO  PalbfE FH A& I R R AR
CPPO Bl AE T o8 LA REAS AT BY RS A P

DAPO

AL PUIAZ AR  BIARAE B UIHLA] 4 R SRR B 15 2% LU SR 2 T 28I
RePO  Hf 4RSI A s REAR S [T G e DX PP AR M T SRR A AR 2 5

Li, Chen, et al. 2025
Lin, Zhihang, et al. 2025
Yu, Qiying, et al. 2025
Li, Siheng, et al. 2025

W 12 Fros D11 2R, LR 4% X Critique-
GRPO .32 1 SEED-GRPO %47 (1 1% .0 BLAH 5 6137
P EIEA TR0 A -

1) Critique-GRPO : Critique-GRPO 1 €1} 387 2 4b

1T HOKs A ORTE it g s AL o S 2R AT T IR R
RTS8 GRPO 2B BUE AL AL HE SR ) SRy BR A
Tk I AR F RBHE N BRI,
IFA A e H R CRL S5 R i 5 46 XE W 17 ) A ke 5

© h[E KR KL AR



Ztim, EEFM, FFHW, B
KIESEBERBRUTE: 2L HRERE

F12 DUEEMFHAER
Table 12 The Details of D11 Algorithms: The table includes the short description, author and publication year for the
Critique-GRPO and SEED-GRPO.

(2R3 i ] (=3 5
Critique—GRPO SR PR SR ML e 2 FR G - Zhang, Xiaoying, et al. 2025
SEED-GRPO LA SRR 2 PRI i L 0 1 Chen, Minghan, et al. 2025

TR AR TR R A, BAR A S
DR 5% 3 AR 34,

2)  SEED-GRPO: SEED-GRPO
Entropy Enhanced GRPO )i 12 5| A 1E S FUAS i
PERN UL AR T ML LASE B, YA 118 S
(B s (B R BN S MR I, R &84 A 365 7
ek AR SR s BRI o e v A D AR, SRIBUEE S R ST Y

(Semantic

2 AR A R, A Y B T SO B AR, DU 2 5
JEA P PEAREAAS . BARGH S 2 WL 5 3 iy 5
35,
4.4.3 H—ALSEEESI(D12)

KAV 41 GMPO F7k . GAPO 74 Hl ReMix -
7 (Zhao Yuzhong %5 , 2025; Li Chengao % , 2025;
Liang Jing 47,2025 ) , iR BUHELL W3R 13,

F13 DLR2EEMFARFR
Table 13 The Details of D12 Algorithms: The table includes the short description, author and publication year for the
GMPO, GAPO and ReMix.

B Na e& 4
GMPO FHIUAR[SF- B0k 2 Tl ARAR G - A A 2 il Zhao, Yuzhong, et al. 2025
GAPO KNS TR 25 B AR PR EEAE it 2 B DL TR 7 vl Li, Chengao, et al. 2025
ReMix SR T 3 o2 SR G 27 > I AR SRR AT Liang, Jing, et al. 2025

W 13 Fros D12 26503k, BLUR KX GMPO 5.
7 (GAPO 1 il ReMix 33125 (i %00 JEAEL 5 A0 )
TR IA -

1) GMPO : GMPO (JL{[~ -+ 5 ik 1L ) & GRPO
AR E R RRAS | SR LRI 2 LA AL, i
FAXFF R OEAE R o 38 3 AL token A TR
JUATP- X {8, A R 1 S (B0 SR BT T4
BRI TIIZRmAR et BARANTT Z DUKE Sk 3 h
Y 36

2) GAPO: GAPO (Gradient Adaptive Policy Opti-
mization ) 18 32 ¥R BE 1 38 1 UH — AR AL R G 2SR
P2 A RO E TN SR BT T W SGH
7 I8 A B A TR H bR pR B B A, S T
Z HbEAL, 85 1 ey S8 5 18], e AN ] H
bR Z [BR 3] T Fe AP, %08 B T GRPO S i
b 2 i R AN SO R IRl . AR O ST DL
Bi¥ 5% 3 P L 37

3) ReMix: Reincarnating Mix-policy Proximal
Policy Gradient (ReMix) >R JH] 1 — Fiv 5 S W& 55 1% |, i

o ) D st SR EHE (R 2856 ) R4 727 ) |, i A5 10K
W% A6k B2 77 0 RE A i LM ) T 0 SR i, - B o
MR 5 TR A i RS AR A ol iz A s
SR A BRI 2 S R, 2 S TH T GRPO Y
RAEROR, 5B KLY, #1071 s 1
SETE. FARSTELAN I 2 B R 5% 3 7 1954 38,

5 Extended PolOpt (B3)

P& PolOpt (B3) X3 T M i A 58 (Y T v AR o
B IHAEXT GRPO [P fa] B de s , i Lk F 5. 191
WA T 22 WK sh RIS IS (C5) 5. 2 T ER 7z
b5 B WU W24 2 (C6) 5. 3T PER g — 5 4
AORBEHEZR (C7) 5. 4 W iR B I ke 1 (C8) .
5.5 TR A S N I (€9) LK 5. 6 35 R AN
FEPEARFE (C10) 258 2440
5.1 HES5HERIHEKE(CS)

AT 2RSS (C5) il 55 5. 1. 13 i
B S 2 R AR (D13) FNER 5. 1. 2 775 irads i 1) )

[
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KBRS (D1 EIFS .
5.1.1 SR (D13)
A5 8 A 4 SeqPO-SIMT 54 v: . GVPO 54 v

GRQO %1% \HBPO F.% F1 COPO 5.1 (Xu Ting 5% ,
2025 ; ZhangKalchen ZE 2025; Pan Chenbin % ,2025;
Lyu Shangke % ,2025) , HRKEESL W3 14,

F14 DUIIEEMFHAEFER
Table 14 The Details of D13 Algorithms: The table includes the short description, author and publication year for the
SeqPO-SiMT, GVPO, GRQO, HBPO and COPO.

RS A (=23 S
SeqPO-SIMT K2 JAlbRifi Al 55 (R AN HE AR A BT A L AL Xu, Ting, et al. 2025
GVPO 3 i A B il 5 SR 2 il =z [ e v O B 8 22 S e A BE AL Zhang, Kalchen, etal. 2025
GRQO S TR AT A RE T 2 ), YRl A i 5 R R B S A O L Pan, Chenbin, et al. 2025
HBPO FHE AL TR, shA R HEE K, Lyu, Shangke, et al. 2025
COPO KT — 2k SR IR S R G SR W 0 4Ry Sl L] Han, Jinghang, et al. 2025

W3R 14 R D1 RSB, LLUFHEXF SeqPO-SiMT
Bk GVPO B L .GRQO B | HBPO 3% 1 COPO
SR RO AR S BB M (LR A T 200 B 3

1) SeqPO-SiMT: SeqPO-SiMT (Sequential
Policy Optimization for Simultaneous Machine Transla-
tion )R SRR IEAL 5 AR BT AR B G IR A Kl
AL 38 3 Bl AT AR, [ A5 DPA 33 S R
BPERE. OO LS TR WL % 3 TR AYSE 39,

2) GVPO:GVPO(Group Variance Policy Optimi-
zation ) 38 ok B 45K S5 KAV KL 24 o 5 Jily (4 fife A ik e
N HEASUERL , % SR gk 3T -5 e I A s ) — 01
A R B U Dl 5 S P D B e BE R 28 S L0
TE B R, BT 880k e 1 A% 52 0 2 IR
T Mk, SO RAG SRR A . BARSCHLA0 57
S 3 R 40,

3) GRQO: GRQO (Group Relative Query Optimi-
zation ) J& —Fh % A AL B8 FERIAS A BT (95 Ak 2 2T 38
2, T35 S TR AR X 52 Il AL A KL RS I
Wil FERL 8 5 a0 B35 T T A i BT 5
GRaE e, HAL RUSTE T3 AT 20 A A 2
JAl, Al A i A B S SRR LG . A KLU
IE U AxE F AR AR I A HEAT A B, A R 1k
ol R PRER R . BRI T S B b 5% 3
TR 41

4) HBPO: HBPO (Hierarchical Budget Policy
Optimization ) & — i 5 T 73 JZ= B AR R A i Ak )
HE SR, T2HE S R A% (1 4 JHLASE AR AR 4 1) AL 1 5 2% B2
25 07 b 9 A A TR B, DA PR 45 e P R 1 [ 1

FPETTHERALAR AL O MRS TR DL SR 3 T SR
k42,

5) COPO: COPO(Consistency-Aware Policy Opti-
mization ) & — MR AL T HESR il ad 51 AL T2
AR BIK I TR 5 SR W 114 4 Jmy 2 I AL o A 2 ke
GRPO J5 14 R AR i B2 — S0 S BB R 11 2 A
REAS IR B Il [R] I, & 58 0 R e E — R AR 1Y

F R AR 4 A5 52 8 AT 55 b 3B 4R THEE Y
PR REFN I ZRAR E P o A% O WL R 5% 3 TR Y 53
%43,

5.1.2 PG AR (D14)

KA 41 EXPO 532 F1 DisCO 5.7 (Dong 4
2025;Li Gang %,2025) , IR EAHELL LK 2.

U 15 PR D14 28503, DL R KX EXPO 53
1 DisCO B 1 i 1% 0 JEUARL 55 BB M0 8 2E A7 3 4
[ i«

1) EXPO: EXPO (Expressive Policy Optimiza-
tion ) g —Ffi e Sy 47 SR M it DC P S s 25 e ik UK
WL SR S B0k o BTl I SR A
S E IR R B8 A RO e 1AL G b FE AL R 5
BRI E R, 456 TSR 2% 2] 3R
i S SR B 0 S0 2 ARG, i e S
TR A A5 KA Q (8L, TEBA PR ASE M Y KLy | (5
EPEE TREARRCR . MO DML ST IR 5% 3 by
Bk 44,

2) DisCO: DisCO (Discriminative Constrained
Optimization )38 13 4 51 7 ] H 4 THIE AREAS HY IX
SYREST, I AE S A LA AT X i SR SR 4 A
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R15 DUEEHIFARER
Table 15 The Details of D14 Algorithms: The table includes the short description, author and publication year for the
EXPO and DisCO.

Bk N4

(= 4y

%%%mkﬁﬁﬁ%k%%%ﬁ%%?ﬁﬁ%ﬂ%%ﬁﬁ%ﬁ%%ﬁ%%ﬁ%%%ﬁ%Dmykwdd2m5

EXPO
WEAHSE A o

DisCO T4

H A A S 2 > A O A T SRR AR (1) £ DX B 5 ) P 8l 2 2 RO G R A 2R TG 1 2 ] B
&3

Li, Gang, etal. 2025

PR R o 12 V8 2ok PR il 5 s 5 i 2 L B 1k
Y B2 mp B A R M | JR] B e Kb I SRR AR 22 1]
(X o 3 . HLR SCBLAN T i S D B SR 3 b i O
45,
5.2 U EBEERFES(C6)

AL S B AR5 3] (C6) i@k KA 5. 2. 174
FF iR () 228 Re AR 5 5 BRI (D15) 56 5. 2. 2 49 ik

2R 5 H 2 (D16) FIEE 5. 2. 3 45 Frad 148
PEE I TRMIEA (D17 ) R 20 A S m B R - ATy 2% .
5.2.1 ZEMEASEERIE(DIS)

AT KA 43 SRPO 5535 Fll MAGPO 537 (Zhang
Xiaojiang £ 2025 Li Yueheng 22 2025) , HUREAE
2RI 16.

F16 DISEEMFHAER
Table 16 The Details of D15 Algorithms: The table includes the short description, author and publication year for the

SRPO and MAGPO.

B A e 4y

SRPO K FHPB B 2Rt 2R s B SR AL Zhang, Xiaojiang, et al. 2025
MAGPO FaEh e R S Ao BUTHYE G . Li, Yueheng, et al. 2025

W 16 P D15 KR, LLUT KX SRPO 53k
FIMAGPO 532 (1 4% 0 SE AR 5 G0 A0 (i 2 47 1 4
3k -

1)  SRPO: SRPO (Two-Staged
Resampling Policy Optimization) & F X5 B i1 2545
3, 2 Py S HRAEAL (— ke 1] T A Ak R
ARHIROAR) DRI R FRAE ) 5 G R B RE Y [ 25 1
The A JER TR DLR R 3 FR A3 46

2) MAGPO: MAGPO (Multi-Agent Guided Policy

History-

Optimization) fil & 4 i 48 = 5 40 A AT, 7855
RAFFE R XN, 58 A TR Ik G
SR S A MR R B DR A B YN i A v
53 o ) SRR SR IR A . R O S TR DL
SR 3 HIEA: 47,
5.2.2 ZEE5HR(D16)

A A 4 PAPO 533k Fl SRPO 57 15 (Wang
Zhenhailong, 2025 ; Wan Zhongwei 2025) , HoRFHELR
WZR17,

F17 DICEEMFEHER
Table 17 The Details of D16 Algorithms: The table includes the short description, author and publication year for the
PAPO and SRPO.
(A7 e (= Ay
PAPO Wang, Zhenhailong, et al. 2025

3 3 f A S P A5 S 1T 5 18 23 A 1) 22 5, BB AL ot iy A A T4
SRPO 2] AFSUE JF R BB S R IR B AR 4 A

Wan, Zhongwei, et al. 2025

W% 17 s D16 2285, LR X PAPO 801k
F1 SRPO 8. % 10 4 .0 B4R 5 81 387 o {8 6 47 3% 40

B -

PAPO: PAPO (Perception-Aware Policy Optimiza-
tion )38 i B R AL B R R T S5 I R 1, Z TR Y

b 1y A 22 e, 30 R R A A B 2
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MBEHA o FAZ DS TR IL T M5 3 YL 48,
SRPO : Multimodal Self-Reflection Enhanced Rea-
soning with Group Relative Policy Optimization
(SRPO) J&—> % Sy g AL 27 > Pl 5 i 5K A
Fe S BB IEAT i Bt my i Be BRI ZRmESE
S — Wi Bk F RS | S 19 B o, BRI IO A

A FH I8 T A R T 5 25 i B i o B e LR
PR 5 A2 2], 32 AR 0 ol B A S B A 4k o
FER O TR DR 53 3 TR i B 49
5.2.3 fRE5EEIPEAL(D17)

AFTHE A 43 ARPO B35 F1 TSPO 5725 (Dong 45,
2025;Tang Canhui %5, 2025) , HiREHESE 1L 18,

*18 DITEZEMFHER
Table 18 The Details of D17 Algorithms: The table includes the short description, author and publication year for the

ARPO and TSPO.

RS AR e 4y

ARPO FIASETRGHY [ 185 0 TFALA o Dong, G, et al. 2025
TSPO R FH S SRR s T A SRS TR RS SR AL ) Tang, Canhui, et al. 2025

W 18 Bz D17 5L, LU KE X ARPO 535
FITSPO B2 B AZ O JE AR 5 BB M (ELEA T TR0 B ik

1) ARPO: ARPO (Agentic Reinforced Policy
Optimization ) & — & [ TR Il 25 2 48 R K AL e
BRI T Bk o Z S AR 1A R AL
il , BhASPA 4x S Bl KRR 5 A BRGCRAE R AE T
BAT G R S A E AL R A AR IR R . HA%
O DL 53 3 Y B 50,

2) TSPO: TSPO (Temporal Sampling Policy Opti-
mization ) j&—Ff 5E T iR AL 2 A REZR Y ek U7 ik, &
P TS BE TR SRR AR . IHEALEE XK
MU 22 B 25 R i 5 AR h I e B HL AR OV i A
TSR A XA, 388 3 e OC B T e 5 0 5 2 U ARy

— ARG P AR, SR FH 4 B ) B R AR AL
FF25A A i) IO 7 A 52 5 s 0 57 22 il (1) R L
il ST g B ity ) SRS AL AL o FOAZ O M A T DL B
SRR ST,

5.3 H—5HMARMIER(CT)

g — 5 ORI AE SR (C7) et RS 5. 3.1
5T A B 4R T 2k i Ak 2 > Bk (D18) AN AR
5.3. 2 rad i 4 B ORI (D19) |, 48 = B 2k
RABYI A .

5.3.1 FEREIGRik: > ik (D18)

A0 A 42 MiMo-7B 2. 7% (Xia Bingquan i
2025) , HAEHESR L3 19,

®19 DISEARMFHAEFER
Table 19 The Details of D18 Algorithms: The table includes the short description, author and publication year for
MiMo-7B.

A7 e

Ve =4

BNZRB By 2R HI = B B Rl 5 SR 2218 T H b A% w8 Joi i 41 BERSCH 94 56 £5
A5 IR UNGRB B, 58 Ak~ 21 55 0 X 3 B 5l ) 2 Sl L ) K B A R SR AR 45 5

MiMo-7B

Xia, Bingquan, et al. 2025

R 19 fir7R D18 2534k, LU F X MiMo-7B %
B0 SEARS BE M (B T 140 A

1) MiMo—7B: MiMo-7B J&— & b i X} 42 2%
PRAE S5 i 1 KR F A, HAZ OB A T
TN R 258 Ak 2 > 5 N GRi AE I T TR
ko FETIN G B AR T = B BEEUR LA
Mg L2 AR i U H AR DL R e I e 4 P RO 348 5
AR, BEERT TR EEA A HERRE . IR

B 38 1 45 A I B 0K B () 2 AL L Bh A SRR TR
W DL J2 JCAE VR 2y 5 | 48 55 v O Rl i it , 5k Ak 2T iF
— AR TR R R RS A RN 2 A
D5 TR 7 o HAZ O P B 1 UL I % 3 R B
152,
5.3.2 B EORm (D19)

RKATHA 4 SPO B 1 DPPO B (Guo Yiran
%,2025; Ren 45,2024 ) , HREHESE UL 20,
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Table 20 The Details of D19 Algorithms: The table includes the short description, author and publication year for the SPO
and DPPO.

Bk N4

fe& G370

SPO A VAl HHoRLEE J3 B AU AT , AP 4R B2 5 DKL BE D R 9L 25

Guo, Yiran, et al. 2025

DPPO i {2 ) SRS A — B P - " i Al i B S PR S B UL . Ren, Allen Z., et al. 2024

N7 20 7R D19 K503k DUT # X6F SPO B33 Al
DPPO B0k BUA% L S AR 5 QU AN EA T TR 40 ) i

1) SPO: SPO (Segment Policy Optimization ) J&—
P T B v AL A TR s AL ST HESR , 5 A Bk
RIYTE T RRIHE BT 55 i A5 o BC e, sd o
DAL B2 1 B v 0 VAl | 208 4 R 2 15 MR JBE D7 vk
AL o FAME S TR UL R 5% 3 Hh 195300k 53,

2) DPPO: i i 4 {5 2 ) IF Al L KA
GRPO fiE % i 3 Wi 8 2 & Bt & % W o Diffusion
Policy Policy Optimization (DPPO ) >R FH 5 W& A6 J3 Xof Tt
IR BRI HEA TR ARG o 25 M Hiod #2240
figt g BA A S AL AR B Sy R n] R B . R
A A F WOy (E LI S s R D pIVEZ B2 e
2%, N2 U0 R 2 W 2 R 45 . A% O M T DL R 7
3L 54,

6 TMERESREXTLL

R T b AN O SE B N 5
PEIE F 1Y PolOpt 1k , AN FEE T KR HE
SCHY LS5 5 B BT, 45 A LRI N 3 5 I
TRIR LA BRI 5 M A R PR A, o P RE
T AHEETEES IR M S0 ) 53 vy 1 pd A
AERE, XF A S 5 0 32 B PolOpt B892 B T 7] X6F He
O3, BRI 21 IR

1) PEREFR I AR IEAE R AT 55 (AN BCF 2
FRAG A Y, SRS FR AR ) b ) e 2RO 38 e vfE
B3 AR5 NI AT SR 1t

2) PFEIFRS AR AE 5 I ZRA () 4k 2 AE
VR | i Il o B R U oK

3) ke et 15t b B /A5 & E
Bt BT ok 400 A R, D KGE S 8

PE

B 5

4) &5 RIE AR L A9 iR s 5
P B ) RIS R B B I AR

1% 21 AT 15 PolOpt 533 1 3 S AL e R 1L

D) ZBIEZ BT, H kA5 GFPO
FIRePO. X 2 K & GFPO fE % 18 3k i 7 3 18 e 2>
TOATEE, 1M RePO W 25 25 55 0] AL il $2 7 £k 0
FIRRCER , —F A BRGE IR S5 T DR T L1y
PERERIN

2) B 5 HE FRAT 55 (A AR AR ) | HE
77 % F GRPO .COPO 5 TreeRPO ., X KB E7EZIT
M TR AE 5 5R  GRPO & g HEFRAE S5 4k
COPO #2718 —& M, TreeRPO I $2 fHE 210K 2 1) %
JHIL , DRI 7 AR e g St p B Y

3) fE ZAR 2S5 4 AT 45, DPPO . AR-GRPO #lI
EXPO J2& & £ 58 %: . DPPO i& ] T4 Hi A= sl A AY
AR-GRP X} [ [1H BHR A AT Ak, 1 EXPO 32
FR ke w4 ) P = E A e 5 A 2k
1E55 K o

4) E% 45X 55T 55 J7 1, #EUEH GAPO il
MO-GRPO. X WP AL 2 HbrfLAL , BeIE-T-
Mtk ge MR Z LR S T X RS AT
AT TR X SR ELR 3 5

5) X T 5L i EAIG AR IR ) 5%, HBPO Al LAPO &
PHAHGERE . AT A [ 2 4 B B 4 il g
FE PRI 1 1) [ B A R0/ 3 S st I, PR A
BB TR AR ELR R I R G

7 HiES5RE

ARG AR A SCIAZ O N IR A
I fE Ak (Preference Optimization, PO ) [ S, [R]A
R PolOpt A AR K SR A

[ G55 1A SO0 Z2 R 7 T30 5 RO A AR A
() PolOpt FL¥EHEAT | R £53A , B AR T H A
HHE S0 R, DFFOR X ek R G L 4 2
— AL DA JZ G o ERE DL s = R LAl 2 )
(B1-B3) .-LA~h{E] 4324 (C1-C7) R+ JLA~ 41 43231

19
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#£21 RFIRMEPlOpt BEXFLL 47

Table 21 Comparative Analysis of Representative PolOpt Algorithms: The table summarizes the performance, computa-

tional cost, training stability, and applicable scenarios for each algorithm category and variant.

kK ﬁff | R DR B
SR PolOpt (B1)  PPO BTl (LM & CRERE) E’(ﬁgﬁ*% SRR Ve T
RN
GRPO  fENUEA LIS b (R ML) %’@Eﬁé@‘tﬁm fff{f; WA RBER.TH
RS PGS R GRIETRER S TR R Ve
AR
GRPOZ:fE (B2) - GFPO R ) %) R
: . B (AR 72
CAPO  ZHbRTabeyy 1 PEH AR S OISEER i 2
o e
e (h e ST R b
DAPO K AL BT *@(ﬁ’g‘%‘f gl OBSEUR) KBRSk
. e R e BRI
RePO  BCEAIIACRT o g b
.
R PolOpt (B3) COPO 5 —BUHE(T S EBUME 15 (RRmiter) 75 (BrbRERZ%) ﬁgff‘g%‘ﬂﬁ BHEEOR

MAGPO 5 REMR D[R R 4

5 (A R N 2T

T (R RERIEI R ZRERPME JAi B R 4

HIK)
R B AT SRR R e
DPPO - i) KR PG A 1Y, RS NE
93 W E R % R = . . U
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