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Abstract: Generative artificial intelligence has always been a hot topic in the field of machine learning, widely used in various fields such as
text generation and computer vision. The maximum likelihood estimation method establishes the training objectives for generating models, but
there are still shortcomings in meeting the personalized needs of users. In recent years, reinforcement learning has shown certain potential in
building high—performance models by introducing new training signals such as artificially customized evaluation mechanisms, bringing break-
through progress to the design and application of generative artificial intelligence models. Conduct a comprehensive and systematic review of
the latest developments in the field of generative artificial intelligence, classify and summarize various models and their application scenarios
from a cross disciplinary perspective; Focus on the rapidly developing large—scale modeling technology, explore the current limitations and fu-
ture development directions. By analyzing the weaknesses of the model, we aim to gain a comprehensive and in—depth understanding of the the-
oretical foundation and practical application status of generative artificial intelligence, in order to guide industry practice and provide refer-
ence for future research.
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Table 2 Model-free reinforcement learning algorithm

®2 EREGRUZEIER

sAkAE > Fk [iEBSCRIR

FT M E R Qfleal'ning[x] \DQN:IO] Soft Qflearning[“]
HETHRIYR Policy Gradient/REINFORCE''?! TRPO'"*!  ppO!'#!
FEFAT A Actor—Critic™®' \DPG''S! DDPG!® SACH7) A3CHY




- 186 - L QRO |

2025 4

AR AR S e AL RS AR 22 il R, 2 R AL AT DL B A R AA
S B A PR DR A S BTR R AT SO . R TR Y
sRAL AR ULIE 1, 5 IOR A R R TR Y
AT BRI EC ) B AR AT P(s'ls,a) s SR 5 5&
THIZAGE AL R B R A T HOR SR S s
PRELV(s) o MRAERARIE, AL I TR 1Y 7L 4y HUAT
JLZE:

(D) FET RN BT &I AR O RIS A 6
KRR PR 5 sR AR R, 38 i 0 (B R AR R s R R A
3 5y 285 R0 B SR A B O 0 R R S . P A B
A8 3k A W 1 Bellman 5 78 SR 8 pR &S, 15 2 005515
) Ve s 3w 2 A U3 Ao AN DR VR A - T S, B s
B e, XPSEFEIFEA T, EEH T/ MDP
[F] 7

(2) AR TT ¥ . MBI YR B ot i), Bk 2
AP AR . SRR S 5RO R
RS FEAT RAE VTR, B2 5 T RO AR 54
+ B #4489 2% (Monte Carlo Tree Search, MCTS) , H.{E# 1% &
A SR AR B 4T IS B Look—ahead , 3 17 f2 &2 B U 75 2]
BARERE AT, NTTZE A R B A7 375 .

() BEARVEH B ARG R 1 0 B T AR R, A
AU ] DL B SR s 8 & A A& . B 40, AlphaGo Zero H1 I
MCTS 5 B SSCHE 2 ) FH — 38 2ok 1 o0t 227 20 i ke i A
AT Look—ahead BEFLAI G| S R . U5 —Fh SR IE 2 15k
FI LAY B 2R — > B SRm , SR 54 AR g 3
W AT ARG EAR

TE BT BB 1 5 Ak o 2] Ty v h PR R B B R ] o
H T R ol o NS v 2 2 R A . il an, X T
T FEIRL A4 B AR R 156, LR P 0 2 T 5 %), AT DA it G
RIS B 58 56 I IR BE AL R AU . >4 O v 4R A5 58 e B AL,
i 5 2 S rh 2 ST B AL L o AlphaGo f J& T-3X Ff
T8 0, FA T — A FH I B A MCTS B A —
R UL, MCTS 23 1t — MR, H Y AR s Ak 2 > vh iy
AR B8 AP i o P T R AR AR R n] BE Y 3l 1 A i S 3L
BRSPS R T2 A9 S AR 1. AlphaGo 1E
JEAT MCTS 1 BE Al F 51 A R w00 265 AR 19 265 7 1 O 2 A
25 P28 A5 | AlphaGo Hh fdi FH 5 s 0 268 o Tt T — 25 de A
SREW 57 A O 25 R A T Y BRSO . AR R,
AlphaGo 1T 4 R 4548 38 D AR R AT fOF AT (A AN 31, HEm 1)
28 FIAEL I 28 114 2 5000 A B R0 8 00 U1 25l B e 4 5310l 3k
R E N B 2 S 3 Ty iR 22 R AT ST . R
AlphaGo 7E £ £ HAR BV I 23 255 75 18 Q (E AN TH MR 3R
W6 R 0 D R B L . FE AlphaGo AU JE Al I, Alp-
haZero it — D faj b T RLHY , L 13T H FR FE A0 Zhad 7
K T4 27 2T SR 55 3P Al S AT A A S 56 L, Aok
W Tz kg,

1 BHUIREE

2 4l

3.5 SR

Fig. 1 Model-based reinforcement learning processes
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