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Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou
Daan Wierstra Martin Riedmiller

DeepMind Technologies

{vlad,koray,david,alex.graves,ioannis,daan,martin.riedmiller} @ deepmind.com

Abstract

We present the first deep learning model to successfully learn control policies di-
rectly from high-dimensional sensory input using reinforcement learning. The
model is a convolutional neural network, trained with a variant of Q-learning,
whose input is raw pixels and whose output is a value function estimating future
rewards. We apply our method to seven Atari 2600 games from the Arcade Learn-
ing Environment, with no adjustment of the architecture or learning algorithm. We
find that it outperforms all previous approaches on six of the games and surpasses
a human expert on three of them.

https://arxiv.org/pdf/1312.5602

INNOVATIONS IN

namre

SHA
C

THEINTERNATIONAL WEEKLY JOURNAL OF SCIENCE

Self-taught Al software
attains human-level
performance in video games

COSMBLOGY SUANTUM PHYSICS O‘NI'U‘[ COMNATURE
A GIANT IN THE TELEPORTATION
EARLY ERSE FC )

ata Tof 6.3 of a 4 m
MEES 008512 MCIS I L5168



https://arxiv.org/pdf/1312.5602

m

PSR A K% Bk . # (2016)

(r )
19 x 19 HIMIFE. m:iﬁ@?ﬂi > —T—EEJH'JF?E\QI
T I b 4 .':° Z La "zc} . ‘/;:nCr
-‘ P i ° 0609 O;.;‘.° . M joo
» Do ool
u ‘ e o o T
b?,:‘e..,.. 1’[“
c)

L)

r_2016&2@:1 W REIRIASIAIGLRETR
RALEHFEDALFE10FE, BE|
BRI EIRE: AlphaGo X%
Lﬁﬁﬁﬁgﬁﬁﬁo _J







AW Z —F: TABTFARN, £WAOAY

BERRRRRRRRE )7 UAEML: Az —F (Move 37)

- T T O $-B, %3#0* : e
S XA A
€ : RERRE i A ‘_‘_'E'
) arwensmans o> RN {H'E 2

=AL&EABug, ”

O RBZE: FHLRIR, E5&HF

M, BEBAGATS Y M TI; ,f/\
SRR R H]:{ 1; 331;': ”

O 159%fE: SttRIGERAIT N ‘
RABE__x2—$RssE  mZRtED 41, ENMUR FT—82iH, BhiET

IR 22, AR T BT ER" IR,

JIFKIRE U MEN o8 p S0 ta gl



ARTICLE

doi:10.1038/nature16961

Mastering the game of Go with deep
neural networks and tree search

David Silver'*, Aja Huang'*, Chris J. Maddison!, Arthur Guez!, Laurent Sifre!, George van den Driessche!,
Julian Schrittwieser!, loannis Antonoglou!, Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman!, Dominik Grewe',
John Nham?, Nal Kalchbrenner!, Ilya Sutskever?, Timothy Lillicrap!, Madeleine Leach!, Koray Kavukcuoglu!,

Thore Graepel' & Demis Hassabis!

The game of Go has long been viewed as the most challenging of classic games for artificial intelligence owing to its
enormous search space and the difficulty of evaluating board positions and moves. Here we introduce a new approach
to computer Go that uses ‘value networks’ to evaluate board positions and ‘policy networks’ to select moves. These deep
neural networks are trained by a novel combination of supervised learning from human expert games, and reinforcement
learning from games of self-play. Without any lookahead search, the neural networks play Go at the level of state-
of-the-art Monte Carlo tree search programs that simulate thousands of random games of self-play. We also introduce a
new search algorithm that combines Monte Carlo simulation with value and policy networks. Using this search algorithm,
our program AlphaGo achieved a 99.8% winning rate against other Go programs, and defeated the human European Go
champion by 5 games to 0. This is the first time that a computer program has defeated a human professional player in the
full-sized game of Go, a feat previously thought to be at least a decade away.

All games of perfect information have an optimal value function, v*(s),
which determines the outcome of the game, from every board position
or state s, under perfect play by all players. These games may be solved
by recursively computing the optimal value function in a search tree
containing approximately b possible sequences of moves, where b is
the game’s breadth (number of legal moves per position) and d is its
depth (game length). In large games, such as chess (b~ 35, d~80)" and
especially Go (ba2250, d~150)", exhaustive search is infeasible??, but
the effective search space can be reduced by two general principles.
First, the depth of the search may be reduced by position evaluation:
truncating the search tree at state s and replacing the subtree below s
by an approximate value function v(s) = v"(s) that predicts the outcome
from state s. This approach has led to superhuman performance in
chess?, checkers® and othello®, but it was believed to be intractable in Go
due to the complexity of the game’. Second, the breadth of the search
may be reduced by sampling actions from a policy p(als) that is a prob-
ability distribution over possible moves a in position s. For example,
Monte Carlo rollouts® search to maximum depth without branching
at all, by sampling long sequences of actions for both players from a
policy p. Averaging over such rollouts can provide an effective position
evaluation, achieving superhuman performance in backgammon® and
Scrabble’, and weak amateur level play in Go'°.

Monte Carlo tree search (MCTS)!"!? uses Monte Carlo rollouts
to estimate the value of each state in a search tree. As more simu-
lations are executed, the search tree grows larger and the relevant
values become more accurate. The policy used to select actions during

policies!*~!5 or value functions'® based on a linear combination of

input features.

Recently, deep convolutional neural networks have achieved unprec-
edented performance in visual domains: for example, image classifica-
tion'7, face recognition'®, and playing Atari games'®. They use many
layers of neurons, each arranged in overlapping tiles, to construct
increasingly abstract, localized representations of an image?’. We
employ a similar architecture for the game of Go. We pass in the board
position asa 19 x 19 image and use convolutional layers to construct a
representation of the position. We use these neural networks to reduce
the effective depth and breadth of the search tree: evaluating positions
using a value network, and sampling actions using a policy network.

We train the neural networks using a pipeline consisting of several
stages of machine learning (Fig. 1). We begin by training a supervised
learning (SL) policy network p,, directly from expert human moves.
This provides fast, efficient learning updates with immediate feedback
and high-quality gradients. Similar to prior work'*!%, we also train a
fast policy p; that can rapidly sample actions during rollouts. Next, we
train a reinforcement learning (RL) policy network p,, that improves
the SL policy network by optimizing the final outcome of games of self-
play. This adjusts the policy towards the correct goal of winning games,
rather than maximizing predictive accuracy. Finally, we train a value
network vy that predicts the winner of games played by the RL policy
network against itself. Our program AlphaGo efficiently combines the
policy and value networks with MCTS.

ARTICLE

doi:10.1038/nature24270

Mastering the game of Go without

human knowledge

David Silver'*, Julian Schrittwieser'*, Karen Simonyan'#, Ioannis Antonoglou!, Aja Huang', Arthur Guez!,
Thomas Hubert!, Lucas Baker', Matthew Lai', Adrian Bolton!, Yutian Chen!, Timothy Lillicrap!, Fan Hui!, Laurent Sifre!,

George van den Driessche!, Thore Graepel' & Demis Hassabis!

spe e

A long-standing goal of artificial intelligence is an algorithm that learns, tabula rasa, superhuman proficiency in
challenging domains. Recently, AlphaGo became the first program to defeat a world champion in the game of Go. The
tree search in AlphaGo evaluated positions and selected moves using deep neural networks. These neural networks were
trained by supervised learning from human expert moves, and by reinforcement learning from self-play. Here we introduce
an algorithm based solely on reinforcement learning, without human data, guidance or domain knowledge beyond game
rules. AlphaGo becomes its own teacher: a neural network is trained to predict AlphaGo’s own move selections and also
the winner of AlphaGo’s games. This neural network improves the strength of the tree search, resulting in higher quality
move selection and stronger self-play in the next iteration. Starting tabula rasa, our new program AlphaGo Zero achieved
superhuman performance, winning 100-0 against the previously published, champion-defeating AlphaGo.

Much progress towards artificial intelligence has been made using
supervised learning systems that are trained to replicate the decisions
of human experts! ™. However, expert data sets are often expensive,
unreliable or simply unavailable. Even when reliable data sets are
available, they may impose a ceiling on the performance of systems
trained in this manner®. By contrast, reinforcement learning systems
are trained from their own experience, in principle allowing them to
exceed human capabilities, and to operate in domains where human
expertise is lacking. Recently, there has been rapid progress towards this
goal, using deep neural networks trained by reinforcement learning.
These systems have outperformed humans in computer games, such
as Atari®’ and 3D virtual environments®1°. However, the most chal-
lenging domains in terms of human intellect—such as the game of Go,
widely viewed as a grand challenge for artificial intelligence''—require
a precise and sophisticated lookahead in vast search spaces. Fully gene-
ral methods have not previously achieved human-level performance
in these domains.

AlphaGo was the first program to achieve superhuman performance
in Go. The published version'?, which we refer to as AlphaGo Fan,
defeated the European champion Fan Hui in October 2015. AlphaGo
Fan used two deep neural networks: a policy network that outputs
move probabilities and a value network that outputs a position eval-

trained solely by self-play reinforcement learning, starting from ran-
dom play, without any supervision or use of human data. Second, it
uses only the black and white stones from the board as input features.
Third, it uses a single neural network, rather than separate policy and
value networks. Finally, it uses a simpler tree search that relies upon
this single neural network to evaluate positions and sample moves,
without performing any Monte Carlo rollouts. To achieve these results,
we introduce a new reinforcement learning algorithm that incorporates
lookahead search inside the training loop, resulting in rapid improve-
ment and precise and stable learning. Further technical differences in
the search algorithm, training procedure and network architecture are
described in Methods.

Reinforcement learning in AlphaGo Zero

Our new method uses a deep neural network f; with parameters 6.
This neural network takes as an input the raw board representation s
of the position and its history, and outputs both move probabilities and
avalue, (p, v) =fy(s). The vector of move probabilities p represents the
probability of selecting each move a (including pass), p, = Pr(als). The
value v is a scalar evaluation, estimating the probability of the current
player winning from position s. This neural network combines the roles
of both policy network and value network'? into a single architecture.
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DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning

DeepSeek-Al

research@deepseek.com

Abstract

General reasoning represents a long-standing and formidable challenge in artificial intelli-
gence. Recent breakthroughs, exemplified by large language models (LLMs) (Brown et al.,
2020; OpenAl, 2023) and chain-of-thought prompting (Wei et al., 2022b), have achieved con-
siderable success on foundational reasoning tasks. However, this success is heavily contingent
upon extensive human-annotated demonstrations, and models’ capabilities are still insuffi-
cient for more complex problems. Here we show that the reasoning abilities of LLMs can be
incentivized through pure reinforcement learning (RL), obviating the need for human-labeled
reasoning trajectories. The proposed RL framework facilitates the emergent development of
advanced reasoning patterns, such as self-reflection, verification, and dynamic strategy adapta-
tion. Consequently, the trained model achieves superior performance on verifiable tasks such
as mathematics, coding competitions, and STEM fields, surpassing its counterparts trained via
conventional supervised learning on human demonstrations. Moreover, the emergent reasoning
patterns exhibited by these large-scale models can be systematically harnessed to guide and
enhance the reasoning capabilities of smaller models.

https://arxiv.org/abs/2501.12948

Article

DeepSeek-Rlincentivizesreasoningin LLMs
throughreinforcementlearning
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intelligence (Al). Recent breakthroughs, exemplified by large language models
(LLMs)*?and chain-of-thought (CoT) prompting®, have achieved considerable
success on foundational reasoning tasks. However, this success is heavily contingent
on extensive human-annotated demonstrations and the capabilities of models are

Open access stillinsufficient for more complex problems. Here we show that the reasoning

| Check for updates abilities of LLMs can be incentivized through pure reinforcement learning (RL),
obviating the need for human-labelled reasoning trajectories. The proposed RL
framework facilitates the emergent development of advanced reasoning patterns,
such as self-reflection, verification and dynamic strategy adaptation. Consequently,
the trained model achieves superior performance on verifiable tasks such as
mathematics, coding competitions and STEM fields, surpassing its counterparts
trained through conventional supervised learning on human demonstrations.
Moreover, the emergent reasoning patterns exhibited by these large-scale models
can be systematically used to guide and enhance the reasoning capabilities of

smaller models.

Reasoning capability, the cornerstone of humanintelligence, enables
complex cognitive tasks ranging from mathematical problem-solving
to logical deduction and programming. Recent advances in Al have
demonstrated that LLMs can exhibit emergent behaviours, including
reasoning abilities, when scaled to a sufficient size**. However, achiev-
ing such capabilities in pre-training typically demands substantial
computational resources. In parallel, acomplementary line of research
has demonstrated that LLMs can be effectively augmented through CoT
prompting. This technique, which involves either providing carefully
designed few-shot examples or using minimalistic prompts such as
“Let’s think step by step™®, enables models to produce intermediate
reasoning steps, thereby substantially enhancing their performance
on complex tasks. Similarly, further performance gains have been
observed when models learn high-quality, multistep reasoning tra-
Jjectories during the post-training phase?’. Despite their effectiveness,
these approaches exhibit notable limitations. Their dependence on
human-annotated reasoning traces slows scalability and introduces
cognitive biases. Furthermore, by constraining models to replicate
human thought processes, their performance is inherently capped
by the human-provided exemplars, which prevents the exploration
of superior, non-human-like reasoning pathways.

To tackle these issues, we aim to explore the potential of LLMs for
developing reasoning abilities through self-evolution in a RL frame-
work, with minimal reliance on human labelling efforts. Specifically,
we build on DeepSeek-V3 Base®and use Group Relative Policy Optimi-
zation (GRPO)® as our RL framework. The reward signal is only based
onthe correctness of final predictions against ground-truth answers,
without imposing constraints on the reasoning process itself. Nota-
bly, we bypass the conventional supervised fine-tuning (SFT) phase
beforeRL training. This design choice originates from our hypothesis
that human-defined reasoning patterns may limit model exploration,

whereas unrestricted RL training can better incentivize the emergence
of new reasoning capabilities in LLMs. Through this process, detailed
inthe nextsection, ourmodel (referred to as DeepSeek-R1-Zero) natu-
rally developed diverse and sophisticated reasoning behaviours. To
solve reasoning problems, the model exhibits a tendency to generate
longer responses, incorporating verification, reflectionand the explo-
ration of alternative approaches within each response. Although we
do notexplicitly teach the model how to reason, it successfully learns
improved reasoning strategies through RL.

Although DeepSeek-R1-Zero demonstrates excellent reasoning capa-
bilities, it faces challenges such as poor readability and language mixing,
occasionally combining Englishand Chineseinasingle CoT response.
Furthermore, the rule-based RL training stage of DeepSeek-R1-Zero is
narrowly focused on reasoning tasks, resulting in limited performance
inbroader areas such as writing and open-domain question answering.
Toaddress these challenges, weintroduce DeepSeek-R1,amodel trained
through a multistage learning framework thatintegrates rejection sam-
pling, RLand supervised fine-tuning, detailed in the ‘DeepSeek-R1’ sec-
tion. This training pipeline enables DeepSeek-R1toinherit the reasoning
capabilitiesof its predecessor, DeepSeek-R1-Zero, while aligning model
behaviour with human preferences through further non-reasoning data.

To enable broader access to powerful Al at a lower energy cost, we
havedistilled several smaller models and made them publicly available.
Thesedistilled models exhibit strong reasoning capabilities, surpassing
the performance of their original instruction-tuned counterparts. We
believe that these instruction-tuned versions will also greatly contribute
to theresearchcommunity by providing a valuable resource forunder-
standing the mechanisms underlying long CoT reasoning models and
for promoting the development of more powerful reasoning models.
Werelease DeepSeek-R1-Zero, DeepSeek-R1, datasamples and distilled
models to the public as described in the ‘Code availability’ section.

Alist of authors and their affiliations appears at the end of the paper.
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BREEMN AR RKNIIARBERL.

WE-TEBERRIMEIRAEMN. KILERFINBRERE.

ESAIHN— NN “RIGHT” (Age of Experience), BIAIRZEITEMNFES]
MERPEERFS]), MTARIMAEZRINOTHED.

X—IESNARHEINE, RE2016FAlphaGoS T ALEE N ERZRNEI7FE, YA

DeepMindi@ftFE 3 EZKDavid Silv EARERMIANE—HELIZ, BEEIHESAPhaGoIRH %R,
er&FThe Era of Experienceit...

SilveriA\y, EXMEENBRERE, AMTHIERS AKXIMIRME RAMKE, ME—E
https://www.bilibili.com/video/BV19SdiY 6EsG/?share source RO BT
=copy web&vd source=b19e968ca4tbdf0cb9dfd7tbc468280¢



https://www.bilibili.com/video/BV19SdiY6EsG/?share_source=copy_web&vd_source=b19e968ea4fbdf0cb9dfd7fbc468280e
https://www.bilibili.com/video/BV19SdiY6EsG/?share_source=copy_web&vd_source=b19e968ea4fbdf0cb9dfd7fbc468280e

* T KA iz 5] eyitie 55

‘4:’;?;;‘?‘}( Demis Hassabis
e

F—EMNERFTERRE, ENE HAERHRTER
AR, fFhANTERRED., REXERS HUX IR 53
afF =HEURRIFANERZ—, BAE—1TAREs
X. FERTFS MEIBASE!

FENRIS

CREATIONS

Google DeepMind

@EI\RBDN

-

?‘ FC Hellmar &
ey . .
» @HilmarVeigar

Very excited to be working with @demishassabis and crew at
@GoogleDeepMind as @FenrisCreations

In the progression of Atari DQN, AlphaGo, AlphaStar... then obviously
@EveOnline is the final boss. It is multi-agent at scale, mixed-motive,
persistent, imperfect information, real-time, and a metagame that
bleeds.

But most importantly it has EVE Players, a hivemind of human cunning
annealed by 23 years of drama into a collective intelligence. It does not
lose @

R HBIEES @demishassabis REFIBATE @GoogleDeepMind &1E, 1E
A @FenrisCreations

7£ Atari DQN. AlphaGo. AlphaStar.l9&E3f#EH, @EveOnline REA=
R BOSS, EEARZEEMAR. AHIKR. BRaal. FEM. FEAFATE.
SERY M AR — DA ET TR TTHERK -

EREENEESR EVERR, —1H 23 FHXREIELALNAIRIBRER
2HE. EACH @
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RF O] B REERF

o JRA(State): s €S AL ATIRIZA KL o  FtE(Action): a € AN REARRKIREGITH)
« AMAEST, ZaTAdE B AL S, BFE MM EET
« ARLLERY  LATEIHEFREE ARARLHERY @A, WM&, WL
o FAAYRFP, Bareyii EARE MR, aF—NFTaEa

> right

N AL AN TS A S A ol




RF O] B REERF

% o8& (Policy) Tt @ A AR A AT ARAE MK 2] 694K
Sk, BRANAER B e F— NN E

SR 3] RAF AR AR R

e R m: S- A

FAALPE R 1. SXA > R




RF O] B REERF

o KA %45 (state transition)P: SXAXS - R
o AR L ATt R RS s HAL BT —ANEF

z’] é/‘lj >]£7‘§St+1

action
old state > new state




RF O] B REERF

o KA HA%(state transition)P: SXAXS - R
o AR L ATt R RS s HAL BT —ANEF

z‘] é/‘IJ >]£7‘§St+1

action
old state > new state

Z e —RF I AR T R

(Non-Deterministic Environment)



RF O] B REERF

% fh(Reward)R: SXAxS — R (&R: SxS - R)
HARRIIT—NEZ G, FIFBRELHF Ak —
AN FAE

B HBARZ L

2 ok F B9 AT IR R e s AL 5 3] B9 4 R

ALER T R=+1
AR FATFEE]: R=-1000
i % : R=+1000
ERAE: R=0



R 5] 0y 3 Bt AR

:[ Agent ;}

State Sy Reward 1 Action a;

-

Envi ronment}

N




V) } é‘ r

1R 2] B 3B gt;}x i
‘; ;]: .; 3\'
‘j\‘\ ’
‘ 'J‘k'\}

£ 5y
/ETj(

AT

Fig
%ﬁ§£5t+1’

. 7!“‘1%

RS

ANEa,,

4 = fj]

o AT

S2
—>

a4

—>

S1

N

r



PR F 3] 69 R B AR

g
ML B RS se, BRI R m(s,) B FNEa,

3 /? B4 /}gj]rt
AT I Ea,, RS#HF Es,,, RIFE

> U —> Uy T—> S3 —/> 43
S1 a4 S2

N N N

r Ty
1

‘ z L 69 3]
AR ILIN 2|69 T A RS e, £
© HLIT(trajectory): % AE

51, 1,1 52, U2, T Sny Any Ty
1, "1 20 U201 2 ) n»
1 )



A RATF 89 59

=) i (return): AN 3 AT B ) 45 ) A=) A 25 RO FT A R B R Fe

Ge =Rt + Reyq + Reyp + Rz + -+

BAFEIWERFRAEARIANER, BFPEHAERE, AR FANLITRE GFL T
HARA G FIL R, mAArLiest 7 et -F)

BEFEI IR y € [0,1]—RAREBGITI=RA T, FFF K KB40 AL KA fRAK
2 & ALBP AR 5

Ge =R +VRey1 +V*Rego + V> Regs + -

ek A, A ReIS1IHLA R e8] 2 A A
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Pl B

Observation Action
>

:0: AlphaGo

Reward

reward = 0 1n most cases
If win, reward = 1

If llbss, reward = -1

Environment



- BEHYIFERFTITH

B AEF @@



5 A5

Termination: all the aliens are killed,
* Space invader or your spaceship is destroyed.

Score
(reward)

Kill the
aliens

shield




9] F . 5K,

Start with
observation s Observation s, Observation s;

- Obtam reward \ / Obtam reward

rn =20 =5

(kall an
alien)



9] F . 5K,

Start with
observation s Observation s, Observation s;

After many turns

IIIIIIIIIIIIIIIII>

Game Over .. .
This 1s an episode.

(spaceship destroyed)

Obtain reward 7



&R EB . BUARA EAE

e — —

- i
~ 97 =

trial 1

4x speed



&R ER . RABI N E
v .

Inptilis er@m}L WENEIRE

goinghterdemenstrate a

remforcement learninege

a\gonthm learning,to'drive

a Car.

~

Alex Kendall et.al, Learning to Drive in a Day. ICRA 2019: 8248-8254
https://www.youtube.com/watch?v=eRwTbRtnT1l



SOLE TERMINAL

2025-06-09 18:59: steg§ ;tar’t A & 5 y 4 =
2025-06-09 18:59: action | 7 ! -~ d ‘
2025-06-09 18:59: obs: hp 100, boss hp 73 R 3 rerenaer ‘
2025-06-09 18:59: reward 0.510 win False gy T - i _

2025-86-@9 18:59:26 - --- step end - » ¥ T Qlé — k /\
2025-06-09 18:59: --- step start Ly 3 . - s

2025-06-09 18:59: action B : 14, ;2 <

2025-06-09 18:59: obs: hp 100, boss hp 73 =

2025-06-09 18:59: reward ©.510 win False

2025-06-09 18:59: --- step end i 5T

2025-06-09 18:59: --- step start El 157:4_’:2/?1']- 20. x ﬁ{‘f#i‘]’ 48.9 26.6 n
2025-06-09 18:59: action ¥

2025-06-09 18:59: obs: hp 108, boss hp 73

2025-06-09 18:59: reward ©.510 win False

2025-06-09 18:59: --- step end

2025-06-09 18:59: --- step start

2025-06-89 18:59: action E&%

2025-06-09 18:59: obs: hp 100, boss hp 72

2025-06-09 18:59: reward 0.010 win False

2025-06-09 18:59: --- step end
2025-06-09 18:59: --- step start
2025-06-89 18:59: action #ifi

2025-06-09 18:59: obs: hp 100, boss hp 72
2025-06-09 18:59: reward 0.510 win False
2025-06-09 18:59: --- step end

2025-06-09 :59: --- step start
2025-86-09 18:59: action B

2025-06-09 18:59: obs: hp 108, boss hp 72
2025-06-09 18:59: reward ©.010 win False
2025-06-09 18:59: --- step end

2025-06-09 :59: --- step start
2025-86-09 18:59: action B

2025-06-09 18:59: obs: hp 100, boss hp 72
2025-06-09 18:59: reward ©.510 win False
2025-06-09 18:59: --- step end

2025-06-09 18:59: --- step start
2025-96-89 action 8B

2025-06-09 obs: hp 1008, boss hp 10
2025-06-09 reward 6.000 win False
2025-06-09 --- step end

2025-06-09 --- step start
2025-06-09 action B

2025-06-09 obs: hp 100, boss hp 10
2025-06-09 reward ©.510 win False
2025-06-09 --- step end

2025-06-09 --- step start
2025-06-09 action ¥

2025-06-09 game over, hp 160, boss hp 246
2025-06-09 obs: hp 100, boss hp 246
2025-06-09 reward 3.000 win True
2025-06-09 episode 7 end, loss 1, win 6
2025-06-09 --- step end

2025-06-09 reset, hp: 100, boss hp: 246
%025-96-99 restart game...

BEERRRRRRRRRRRERER



AT

e Sutton’s book:

* http://incompleteideas.net/sutton/book/the-book.html

e David Silver’s Lecture:

* https://www.davidsilver.uk/teaching/

* Sergey Levine

* https://rail.eecs.berkeley.edu/deeprlcourse/
« FFFRMLF ]

* https://hrl.boyuai.com/chapter/intro



http://incompleteideas.net/sutton/book/the-book.html
http://incompleteideas.net/sutton/book/the-book.html
http://incompleteideas.net/sutton/book/the-book.html
http://incompleteideas.net/sutton/book/the-book.html
https://www.davidsilver.uk/teaching/
https://www.davidsilver.uk/teaching/
https://rail.eecs.berkeley.edu/deeprlcourse/
https://rail.eecs.berkeley.edu/deeprlcourse/
https://hrl.boyuai.com/chapter/intro
https://hrl.boyuai.com/chapter/intro

% Ix-F 4 : OpenAl Gym

https://gymnasium.farama.org/

& Gymnasium

An API standard for reinforcement learning with a diverse
collection of reference environments

- g I



https://gymnasium.farama.org/

% Ix-F 4 : OpenAl Gym

22 3 32 ) 5] AR

N
Cart Pole Mountain Car
Num Observation Min Max Num AC tion
0 Cart Position -4.8 4.8
1 Cart Velocity -Inf Inf 0 Push cart to the left
2 Pole Angle ~-0.418 rad (-24°) ~ 0.418 rad (24°) )
3 Pole Angular Velocity -Inf Inf 1 PUSh cart to the rlght



% Ix-F 46 : OpenAl Gym

Atariis *X,

000000

Pong Assault Space Invader Breakout



% I2-F 6 : OpenAl Gym

PL 25 A0 i 42 35 4] 9] AR

Ant Humanoid Half Cheetah



import gym
env = gym.make("LunarLander-v2", render_mode="human")
env.action_space.seed(42)

observation, info = env.reset(seed=42)

for _ in range(1000):
observation, reward, terminated, truncated,

if terminated or truncated:
observation, info = env.reset()

env.close()

info

env.step(env.action_space.sample())



A A& A 52 5] (Model-based Learning)



AR S 5] . H RGBT AN 7 A B
Bix: KEZTRS. FMMETHA. EISHER .. BHEHEEP Hlie

__l l

TAZ A (Model-Free) A & A 5 5] (Model-based)
AR R g2, 2FHKE AR L, REHFHH




T M A&

H(Grid World)




E % (Grid World)

G

forbidden

forbidden —

RIE . BT AR L a6 R AR
BATE L/ B FENET BARE L/

% briEEREEE, FHR—F

‘ﬁﬂ’fq;{){ “#ﬁ'ﬁ%” 9

1\’{£ E] 7}-]— é/:’ “ ikﬁ% 7 E&/f_—r_




) A& J%(Grid World)

o R (State): agentfEIRIZ P 49K
o frgrid-world¥, RSt ALagentPT /2 89{z &
« EHOIOANTRWZE, MMAFLA IANKE S, S, S,

sl s2 s3
s4 s5 s6
s7 s8 s9

JX 7S = 9] (State Space): FTAKE69E A (S, Sy, -+, So)



) A& % (Grid World)

o F4E(Action): agentiE HANKES TR AT H)
e ML, A&, 9T, mAE. KFLRF

al
T I )
a4 I . .
«— Q s—T—™ a2
|

FAE = A (Action Space): FTA TTATHAEA9 &



) A& J%(Grid World)

s7 s8 s9

2} X3% (Forbidden area) :
BEREST, X BZMNEFNMFa,, T—PNRESAHALA? GERAME:

o M1 (FLERXTHA2HET])
o M2 (BUERATHN, Hlhepidh e H)

ERE—A, LEAFLATBEFASE LR




s3
s2
sl

tation)
bular Represen

T~(Ta

RAE K

s6
s5
s4

s9
s8
s7

d)
(unchange
leftwards) | as ¢
3 (downwards) | a4 ( g :
o (rightwards) | a3 4 : :
ay (upwards) | ay 4 : : 84
S1 S3 S6 5 85
S1 S9 S3 S7 5 86
S2 S3 S5 S8 . 87
S3 S1 S6 S9 . :
84 82 . S7 S7 S9
S5 53 S8 . :
S6 S4 : :
S7 . 89
S8 -
89




[ A% 5 (Grid World)

sl s2 s3

s4 s5 s6

s7 s8 s9

o RS #4519 % (State Transition Probability)

e Deterministic or Stochastic

P(S31S1,a3) =1
P(SilSl, az) — O, Vi # 2



RE:S

Policy: 4 7FAgent#/~IK
T Rz FH 2F1F

A FPolicy 7T VAR 4L &
A2 = R 8934

7% (Grid World)

— i il
.
== —| O
s E a R --
! !
MEN o
— —>- ---------- <) L._p-[EE )




) A& J%(Grid World)

Deterministic Policy

m(aqlsy) =0
m(a,|sy) =1
m(as|ls;) =0

7T(Cl4_ Sl) =0

m(agls;) =0



Stochastic Policy

RE:S

- 5% (Grid World)

ProbH

V>

Pto

0=0.5

""""""

|
kP - — — — o

m(asls;) =0
m(a,|s;) = 0.5
m(asls;) = 0.5

m(aslsy) =0

m(as|sy) =0




RE:S

7% (Grid World)

ProbH0.5 .
Plolb—‘().S *:’
HNEN
— > £)
R A KT
a1 (upwards) | ax (rightwards) | az (downwards) | a4 (leftwards ) | as (unchanged)

S1 0 0.5 0.5 0 0
S2 0 0 1 0 0
$3 0 0 0 1 0
Sa 0 1 0 0 0
S5 0 0 1 0 0
Se 0 0 1 0 0
S7 0 1 0 0 0
S8 0 1 0 0 0
S9 O O O 0 1




S AT IR T Rl B 27

) A& J%(Grid World)

sl s2 s3

s4 s5 s6

s7 s8 s9

B PR ARHER (grid-world) =~# %, EENHIHEZHHT:

FAgentZ XA B AT, WEB rpoung = —1
FAgentzZ KA N LT, WRBY 1rp5pig = —1
ZAgent®| X BARE T, WEB rgrger = 1
HAFLT, RAr=0



R gh b9 R A F T

RE:S

sl

s2 s3

s4

s5 s6

s7

s8 s9

- 5% (Grid World)

a, (upward) | a, (rightward) | a3 (downward) | a4 (leftward) | a5 (still)
S1 T'boundary 0 0 'boundary 0
S2 T'boundary 0 0 0 0
S3 Tboundary Tboundary Ttforbidden 0 0
S4 0 0 Tforbidden T'boundary 0
S5 0 T'forbidden 0 0 0
S6 0 Tboundary Ttarget 0 Tforbidden
S7 0 0 T'boundary Tboundary Tforbidden
S8 0 T'target T'boundary T'forbidden 0
S9 Tforbidden T'boundary T'boundary 0 T'target




Trajectory and Return

S1 S9 <+—S3

r=20

S1—>»------- So <+—S3
#T‘ =0
I
I
I
|

S4—> S5 S6

S7—» 8'8—>——————

return=0+0+0+1=1

a a a a
S1L——F Sx > Sv > 88 —— 89

r=0 r=-1 r=0 r=+1

return=0-1+0+1=0



o HAR: #Fh

° :/\ IJ/HK

F LT

o R Pt

« FEEIE AN

AR5

e AW R MBI Z 8 R En(s):S - A

E[ro +yr +y°ry + -]

LRI
(Optimal Policy, 7*)

€
-

)

R (E)

<

,

<

%
=)
@ HHEEE (1)
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A & £ (Value Function)

Rk XA E, MMARE RS (RRES-FHE ) 6988, FARTFFELSaFRAR
HESRZRES (REZREEIE) TAHZF. X2 97 REATRAERAHODR (Ri+£E)
2 L E

IR 7518 F 2 (State value function)

VT(se) = Elry + yrepr + ¥2reg + 0 Is = 5¢]

RS -FAVE1E B #4 (State-Action value function)

Q™ (s, ar) = E[ry + y1pyq + V142 + - IS = 5p,a = a¢]

K F Vi(se) = ) mlse@) - (st 0)

a



NREE5ZNSHAX

1957F, W R %% E3)S5HR] (Dynamic Programming)3Z 1
BOBREFERGKIREFA, 58— A7 RAEQEHER

-
/ BHRHUHAEE |

+ (Discounted
e Value

SXANE
(Current State
Value)




N R % 77 42 (Bellman Equation)

VT(s) =E[r+yry+y?rs+-|sg = s]

YV™(Stt1)

_ Z (s, a) z Po(s") (rsa(s) + YV(s)) BellmanZL,

SIES

0"(5,@) = ) Pea(s)(Tsals) + YV (s)

SIES



N RZ HAL T

NEZFHAL: V(s = ), _m(s,a) ), Py (s)(r5q(s") + YV™(s')) General Case

V™(s1) =0+ yV™(s3)
VT(sz) =1+ yV™(ss)
V(s3) =1+ yV™(s4)
VT(Ss) =1+ yV"(s4)



e 7 KA

A7

N RZ HAL T

V™(s1) = 0+ yV™(s3)
VT(s3) = 1+ yV™(s,)
VT(s3) =1+ yV"(s4)
VT(S4) = 14+ yV"™(s4)

1
VT(S4) = -y
- 1
V7(S3) = -y
- 1
V7(S2) = iy
VT(Sy) = !

1—y



N RZ HAL T

VT(S4) = =55 = 10
VT (S3) = 5 = 10
VT(S2) = 55 = 10
0.9
Vi) =159 =7



3

B R KRR

* Agent ; * Return:

 Environment Gt =Rt +V Rep1 +V? Reyp + -
* State s e Action-value function:

e Action a QT[(SD at) = [E [thst, Clt].

e Reward r

e State-value function:

* Policy 7 (s, a) V.(s;) = Egpor [0 (st @)].

* State transition py,(s’)



B NRZ 535X

1957F, W R %% E3)S5HR] (Dynamic Programming)3Z 1
BOBREFERGKIREFA, 58— A7 RAEQEHER

-
/ BHRHYHAEE

+ (Discounted
e Value

SXANE
(Current State
Value)




= NRZFTAE

VT(s) =E[r+yry+y?rs+-|sg = s]

YV™(Stt1)

=) 7(5,0) ) Poa(s)(rsals) + YV (s")

SIES

0"(5,@) = ) Pea(s)(Tsals) + YV (s)

SIES

se—p
BellmanZE=t,



Exercise

r=-—1

S1—» S92
r:Ol lrzl
p=0.5

NREHA: VO(s,) = Zan(s, a) ZS,ES Pso(s)(rsa(s") + YV™(s')) General Case

c BEHAEMNKSHNRE FTAE
o HHRSME
o %R R Fn b —15F P &Y R ek AR Eb e fT 2



Solution

V™®(sy) = 0.5[0 + yV™(s3)] + 0.5[—1 + yV™(s5)]
VT(sz) =1+ yV™(ss)
VT(s3) = 1+ yV™(sy)
VT(S4) =1+ yV™(s4)

KR LR FAET AT

1
VT(S2) = VT(S3) = V™(Sy) = m
VT(S,) = —0.5 + ——
1=y

p=0.5
r=—1
S1—» S92
'r:()i l"'zl
p=0.5
S3—»
r =

VT (S2) = V™(S3) =V™(S,) =10

V7(S;) = —0.5+9 =85



R it defT B st — AN R R ?



S1—» S92
= lrz 1
83r:1 @
r=1
Vi(sy) = —14+yV™(s,) <y =009,
VTC(Sz) =1 + ]/VT[(S4) VT[(Sl) — 8, VT[(Sz) — VT[(S3) — VTC(4‘) =10

VT(s3) =1+ yV"™(ss)
VT(S4) = 1 +yV™(s4)



Tt lrz 1
83r_:>1 1
n T
Sy — q (51' al) =-1+ )/V (51) = 6.2
~ y 09, qT[(Sl’ aZ) = -1+ yVTL'(SZ) = 8
VT™(s;) =8 q"(s1,a3) =0+ yV™(s3) =9
VT(sy) =V™(s3) =V™(4) =10 g™ (sy,a,) = -1+ yV™(sy) = 6.2

qTL'(Sl’ Cl5) =0+ )/VTC(Sl) = 7.2

e RAMBARE, EZHBFLARRKHEEOHE, LA ZFE —ANIF0R%



N RZ M7 AE

o ALK EEXT R AYAE B BAR A AR L K
V*(s) = max VT(s)

o mAMMMAEH £ A9 BellmansF X,

Vi(s) = max z Psa(S’)(Tsa(S’) + yV”(s’)) = max Q™ (s,a) F#%Bellman¥ X,

SIES

o FEMME RO ET X R R EFOHERA L AT L a9hAE

n'(s) = argmax Q" (s, a)
acA



Ir{E 1% X (Value Iteration)

o T —FWEREAIRS T H] A RagMDP

S| < oo, |A] < 0

. PMfik R iTAE
1. SHEANKSs, 454 V(s)=0
0. F BT AL E B |
AR, A
V(s) = max > Peg(s)(a(s") + YV(s) = max Q"(s, @)

SIES
h



Ir{E 1% A (Value Iteration)

S1

S2

P A&t 5
S3 S4
0} 3
g-table aq Qs as ay as
S1 —14+qv(s1) | =1 +yv(s2) | 04+v(s3) | =1 +~yv(s1) | 0+ yv(s1)
So —14+v(sg) | =14+v(s2) | 1+v(ss) | O0+~v(sy) | =14 yv(s2)
S3 0+~v(s1) | 1+7v(ss) | —1+yv(s3) | —1+yv(s3) | 0+ ~yv(ss)
S4 —1+v(s2) | —14+v(ss) | —1+yv(ss) | 0+~v(s3) | 1+ yv(s4)




Ir{E 1% A (Value Iteration)

Vo(S1) = vo(s2) = vo(s3) = vo(s4) =0

S1

S2

S3

S4

g-table | a; Ao as as as
51 —1 —1 0 —1 0
52 —1 —1 1 0 —1
S3 0 1 —1 —1 0
S4 —1 —1 —1 0 1
R & Vis) = max z Pea(s) (150 (s") + yV™(s")) = mélXQ”(S, a)
SIES

v1(s1) = 0,v1(s2) = 1,v1(s3) = 1,v4(s4) = 1

83 —»




P 1% X (Value Iteration)

K=1: v1(s1) = 0,v1(s2) = 1,v1(s3) = 1,v1(s4) = 1

q-table

aq a9 as a4 as
51 —1+90 | —-14+~91 | 0+~1 —14+~0 | 0++0
so | =1+l |—=14+791|1+791 |0+90 | —-1+171
s3 |0+90 |14+91 |[—-14+~1|—-1+~1|0+11
8§ | =149l [=l+al (=149l |04+q9]l |1+41
R & Vis) = max z Pea(s) (150 (s") + yV™(s")) = mczllXQ”(S, a)

SIES

v2(s1) =YL, v2(s2) =1+ yLvy(s3) =1+y1,v,(s4) =1 +y1

S2

S4

S3—»




Ir{E 1% A (Value Iteration)

S1 S9 @ Sf Sll Sf
S3 S4 83 —» 83 —»

Vo(S1) = vo(s2) = vo(s3) = vo(s4) =0

v1(s1) = 0,v1(s2) = 1,v1(s3) = 1,v4(s4) = 1

v2(s1) = ¥1L,v2(s2) =1+ yLvy(s3) =1+y1,vy(s4) =1 +y1



Exercise: Y4:

o
e
|
‘>>

+

« dFH7F=MDP (y = 1)

« BA—F, ZEA-1, AR B ELLERS
o KE|>FUFXLE

o BONMRAHARI N L

RN SR8y 3 2 LR

n(n|-) =n(e|-) =n(s|) =n(w|-) =025



Exercise: A 1% 4X

by

\ T

— e =



Exercise: MMH1%E A — 2 -

LI 0 LI -1
0| 0| O 1] 1| 1
0 | 03 O 1| 03 -1
LIS 3 LIS 3
2| 1| -2 2| 1] -2
-1 0 i -1 -1 0 i -1

LI 2
2| -1 | -2
-1 ] 0 i 1




w4 1% X (Policy Iteration)

o T —FWEREARS T H] A RagMDP

S| < oo, |A] < 0

.+ Rukig RidAE
1. KA HEL R,
2. T H AT AR A BISK {
a) R Vi=VT=} m(s,a) ), _ Ps(s)(rsa(s’) +yV™(s"))
b) Rukmit: MHEHEARES, £

— 14
n(s) = arg nc‘lt&xQ (s,a)



w4 1% X (Policy Iteration)

-8 -89

« FWE: WA, WA ED

* Thoundary = — L Ttarget = 1

-y =009



w4 1% X (Policy Iteration)

-8 -89

VT (sy) = =1+ yV™(sq)

RS TR AE
VTo(sy) =0+ yVT™(sq)

[ To (Sl) = —10, o (52) = —9



f R-E &

w4 1% X (Policy Iteration)

-—3S] -—89 S1—» @
qr, (8, a) ay ao ar
51 —1+ Y05, (81) | 0+ YVr, (51) | 1+ YUr,(S2)
S 0+ Yvr(s1) | 1+ vyvr (s2) | =1+ yur, (S2)

BAV™(s;) = =10,V (s;) = =9, T/

0n(5,0) | a | a0 | a ER s B iRk
s |10 =9 |71 b, ERAsy B
s2 | =9 | —7.1] —91 TR




Exercise: sRE1%EAXZ /N E

+

+ 347 3=MDP (y = 1)

« BA—F, ZEA-1, AR B ELLERS
o KE|>FUFXLE

o AR HAKRE N E

o T RRAREY KA K 4 R R 9

n(n|-) =n(e|-) =n(s|) =n(w|-) =025



Exercise:

=Ha

R IERZ I F TR
2
PRSI -]
> 1 -1 ] -1
-1 Oi -1




Exercise:
2 T S [ |
1| -1 | -1
-1

RESIERZ N E TR
Kol 2| 2
> 2 |-1.75| -2
-2 03-1.75




2| 2| 2
2 |-175] =2
2 175

Exercise: R 1% A Z A =

AN R &3 4

)

R 3|26 3
2925129
24| 04)-24




Exercise:
B3 26| 3
29| -251-29
24 24

R R E R Z B R
H ok 42 5t k. |
) |
— | 8




AR 2% X vs.

R 1% A

IME % R AZ o R XadAE

1. SN Es, K V(s)=0

2. T VAT AR H B8k {
SRS, A

V(s) = max > Peg(s)(15a(s") + YV(s")

} SIES

v TR K T A S ALK 6 FEH

v PR A TS R AT

v REEE AP, FBellmansF X £ # 4E.8& ZAXMR K
v TR A EGMDP, Rk AXGE ARk

v 3T R EE KGMDP, MEERZER (ZFELFH)

1. FEALA 450 F Bk 1
2. T VAT AR H B8 {
a) REBIFE: Vi=VT"
b) R #t: FHEANRE, 247

— T
n(s) = arg ngfQ (s,a)



Fo R AZ A K FroR?

BB ASMHHT, KB AT AN LEAS H A B AR
CLALAT, RSB HL )
o FHH RARME D 5
. 3 RAES

o ILEFEAT, @ EAPFAMS L RS HS R LR, F BORS LR IS
(BRI R Jn F BT EBMEFEETT)



7 3] — NI AR A

(1) Cl(()l),R(So)(l) (1) agl);R(Sﬂ(l) (1) agl),R(Sz)(l) (1) (1)
>S1 ) >S3 " St

Episodel : So

(2) (2) (2) (2) (2) (2)
. ay””,R(sg) a:"",R(s1) a;”’ ,R(sy)
Episode2: Séz) 0 ; 51(2) 1 . 52(2) 2 . S§2) 57(,2)

A IR P ] — AR
. FIREHBRE

P (s)) = A ST RBIIEaF34 2 s 89k %
sart s s TRBAEat kK




X
X2 A (World Model)
“PRREREE, RARREAMSIAIGNZ RS T HAREE (CERE)
£ K T SRR At SR, MR AR, X TR TR, TR A
RIS HFHG L,
KM T — A% F B R Ao B0, B ER, THNGABRE, Akl

FRERTEHETEARMAIRZ K LEL, soraSAMAERAIFBEAALEKB LR T XM
AR g Fi, XARR “HRER” G4 H

+4 & world models/tt SRiERY

@ 52’

O RERE S 20KE v R KRT - BRJLENZR

https://zhuanlan.zhihu.com/p/661768957



https://zhuanlan.zhihu.com/p/661768957

Genie 3 - DeepMind




JEPA: Latent World Representation

- Architecture for the w&r‘rld model: JEPA 'l

» JEPA: Joint Embedding
Predictive Architecture.

» X: observed past and present

» y: future

» a: action

» z: latent variable (unknown)
» D(): prediction cost

» C(): surrogate cost

» JEPA predicts a representation @CQ Enc(y)

of the future Sy from a

representation of the past and
present Sy




JEPA: Latent World Representation

RIETREAA, LT REE
A FERAEAE TR REA, JEPAZRESLE! LeCunEE: H¥LlamaiR B ERISTH!
OpenAIZ T—1SunAE]! LLMBRLEIRE! FESE LHR

4%%@”“ »&}}ﬁ: faﬁ}’b% Eel Mt SICTORARM 2026F5H16H 18:28 Jt= ) 504A
LLMX £ /& N £ 41 .

o 51CTO 71t
RS CLEENFHRRE, FTAEA .
ARBHE B — R BRIE A o SICTO 5T

VLARZE AT LXK, #HFR
AEFTRAMEA. BFHEBUARL
W ATk — i 7% — Yann LeCun
5202754, EAFLELNG,
SREWAY < Y




B IZA BERFEIMDP?

R AR 2 I A8 b B4 5 )Mo e b 27

AR X6 3RA S 5

(Model-Free Reinforcement Learning)



3

MBS 5] 5 5w 57 3

o A% ] (Value-based learning) il % 2 455 3 mEMAE R Q" (s,a), BIXKMA T Q%
B RERFL T LAARIBEQ* Rk R, it |mIFa9hAE

o Bldw, ARG ERABF], RN B —AKSs,, Q3T P A BN HIEM

Q*(Sta E) — 2737 Q*(Stv E) — _1397 Q*(st, J:) = 195

o %wg# 3] (Policy-based learning) il % 2455 3 &M F K4 n*(als), BXKMNA Tr*
M T ABZH BT A N BFAL, KRB ERAFMAT

m(%|s:) = 0.6, w(f|s) =01, w(lk|s) =03



i e %S Y

(Monte Carlo Reinforcement Learning)



AT TR 3

o ERARIOHFELT, ARIEREE K, & AEANREHTRAE, RiFHaE

* Episode 1: sq,aq,71, Sy, 05,75, - , ST, a7,1T

o tTF i HANEF RS-, REFREEFTZF, EAHZRES-HHK
sty —k B R F KA

c ZREAMEFIZENEZE, WEHENKRS-HIESE BT R T RAASAT
T3y, FERE-FEEBEKQH L



AT T B RS )

o RAENMRS-FHEH K, RITREFI—ADEOHE, KTZEERELTRE-FHEQHAE,

a9 aq as as al
S| ~—r.89 ~=% .87 ) 89 =P 85 P 2o

¢ —AKHELTUEMRESAMRRRS-HER LG TFDE, TRARTFHHEARRARE- 4
WE; AR RS

a a4 a as al E o .
S1 —> Sy —» 8] — Sy — S5 —> ... |original episode]
a4 ao as al -, 5 A
Sog — 8] — Sg — S5 — ... |subepisode starting from (s9, ays

a2 as al 3 1 . .
S1 — So — S5 — ... [subepisode starting from (s, a

)
)
).
).

Sy = 85 —» ... [subepisode starting from (s, as

ai P - . .
S5 — ... |subepisode starting from (ss, a;



AT SRS )

an a4 ao as ai
S§1] —> 89 —» 81 —» 89 — 85 — ...

7 Bl — AN A P AN ] Kteg K Ss

« WFITHE N(s) « N(s) +1

e W EEZHELES() « S(s) + G,

o MAEMAET A R E B HIE V(s) = S(s)/N(s)

R, THHEEQGS,a)



Y8 F 4K AR )

o X FRA-HHER (s, a), BAETARFCEMHH B QF(s,0) = SXL

e W AFEFHt+ 1R, A
Qf1(s,a) = Qf(s,a) + :11 (Gey1 — QF(s,a))

. PR, ‘27»1#6;112#%7‘@ Z ¥a

Qt1(s,a) = Qf(s,a) + a (Gey1 — QF(s,a))



— AT B ot R

o BIREMNA —AMERQ(s,d), EPsEALE, dELA R, BRAQT LAFM I & th T 491 7]
T, IR TR A, [BRFE R ZHIEZE, BATT AN ey R AR

o TG AEAR? ER P H AR, AP EFERAR %R, BAM—AFNG=0Q(,d),
LR P aERITAN, BERBANyEFER, RIEAFZ £y — G5 EER



— AN F . B & ua) FR)

o BIXKRENRILRFAELLE, BANEATMNERXEEAZN140, BPg=14, F|X L
AR ILEIR AR A 16/ 0

it & &q =148

~ N ~n
—>
b= R RLy = 16448 i

e HETAHZE (16-14) 2 F#HAEA, LA M £ B



Y8 F 4K AR )

o EAFTFRAFIBIFERFHT, FLIRT B R I Fok 411 ni 09 B 2

o FAFFT T RS ] AGH & KR
o KB MR BT
o E—/NTERIEYT ARG T RS -HAER R F AT 27

TR A BB TRALE ) B R



B £ % (Temporal Difference, TD) 5 3 :
R4 THSIARNFERFTT FE0ER
Re L ] R & 2y AR A 5 5]



o HAAARBFMME EAL N4, BIZKRLTA45 DRI AFE, AR B — LM,
A LR RN GFH P EisE E11/) 0

it & 2q = 1400

—>
| >
ﬁ“%”‘ . l Hit & 2§ = 11448 !.;
T R bk

o RBFPRAGGRAMAET, ENRAEAGEFEAZISSDE, J=r+§ =45+11=155

« TDH %Ay = 155 ATDH 4R, CHRWGAMNG = 142 T 3

%



— /M

-

o, TUARY = 155532 BMEE, A2 EH{EGREHEATD B 479

EFHmEZZE (155-14) =2 HAEH

RAE T RALT B L 242 F 21400, BALE T AFaE LigaE2E 21100, 48

ﬁ“z@

_’-.’

L TRAL KT R 5t E Za9 0 E R3] et

f F IR 45 00, BAEKTSAENNZ 26 =3 -45=-15 (TDix £)

BsF 18] 32 0]



o FHFIRIRLE T
QF1(s,a) = Q7 (s,a) + & (G4 — QF (s, @))
o B ENG ]
QF41(s,a) = QF (s,a) + a(rsa(s) +¥QF (s’ @) — QF (s, @)

H s’ AT —RERSsAIITHEaBEEHEZ I RES, d A FRRnls ®Fs01E



SARSA

o T LARBIATEA CRE-HE-R AR ES-31F) A
kAs, WiTHEa
AL B 2 B

HA BT — /RSS!

K&s', #ATHES

e SARSA ® # X S-FMEAHEKH

Q(s,a) < Q(s,a) + a(rs(s’) +vQ(s', a’) — Q(s, a))



SARSA

Sarsa: An on-policy TD control algorithm

Initialize Q(s,a),Vs € §,a € A(s), arbitrarily, and Q(terminal-state,-) = 0
Repeat (for each episode):
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Repeat (for each step of episode):
Take action A, observe R, S’
Choose A’ from S’ using policy derived from @ (e.g., e-greedy)
Q(S, A) — Q(S, A) + a[R +1Q(S", A') — Q(S, A)]
S« 58 A+ A;

until S is terminal

SARSAE kP oA A “A” H A H Y AT RB LT



Q-Learning

K&s, ¥ATI1Ea

R, 2] £ B

HA BT —RKEs

A4
. jg‘ ! /«i / ’
® O O 55 *iT HAE argrréa}xQ(s a’)

e SARSAR 84574 2 Bk 09 shAVEfa, L IMLEA Rk i & B 8
* Q-Learning™ VA B 3Z4& 7t KA S AE(E 2 f 4R B AL R 9%

5 8] s R &



Kl
Num Observation Min Max Num A Cti on
0 Cart Position -4.8 4.8
1 Cart Velocity -Inf Inf 0 Push cart to the left
2 Pole Angle ~-0.418rad (-24°) ~ 0.418 rad (24°)

2 Pole Angular Velocity -Inf Inf L PUSh cartto the rlght



Qo (s, a) mg(als)
QB (S' Cl) Tlg (S’ Cl) T T
dq do diq do
s; 32 41 s; 02 08 ,/\V/P\ /ﬁ\//\\
s, 08 1.2 s 0406::i>
? ? 0 0
s; 23 -03 s; 0.9 0.1

IR o8 ROk A E S & T T T

S

N ROCE U D! SR 9B T VA

o (B A BAT AL R R BAY L W L& 3E X IR R ?
« FEZRMLFI]



RIE R D)

2013-F12 1, % —BFZ M5 348 L ANIPS 2013

Reinforcement Learning Workshop

Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih  Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou
Daan Wierstra  Martin Riedmiller
DeepMind Technologies

{vlad, koray,david,alex.graves, ioannis,daan,martin. riedmiller} @ deepmind.com

Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.



KBRS 5

Convolution Convolution Fully connected
v - v

m
c
Z
8
‘3
=]
[0
(¢}
Q
[0}
Q

. . .

E /e i\l [\ ==

. . . “

g t\\ $
B/ = 2\ ¢ !

g . . o\
g . o .
Blco 0 =
a . . .

A . (] . 20O
8 . ° .
B\ = V' !
i P/ !

. . .
. { { i
[# & v/ ¢ ]
g o/ e .

Qufy # 69 A A T AV 2 W 45 B 45352 5

Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.



DON, 0Q(s,a; W) X AL FHEMAE K E Q* (s, a) a9 LA

./' Q(s, “left”; w)

>B— ~ Q(s, “right”; w)

]
- Q(s, “up”; w)

DQN

(parameterized by w)



RN F 5] DQN

DQN, 0O(s,a;w), =3\ AEMNILLE Q* (s, a) b9 UL

g_—}k)‘lﬂl%ﬁ‘{él‘] "‘/]\tranSitiOIl: (St, at, Tt, St+1)

TD B4%: ye =1 +y - -maxQ(s;,,a; W)
a

TD 2 £: 8§, = Q(s,, a;; W) — y,

" N 3 0
éﬁéiﬁé\?ﬁﬁ W<—W—a-5t- Q(s¢,ap;w)

ow



* T35 3] a9 M E AR

S . fii: 79

O 45 &% (DL) A3gfu$s) (RL) “ok—kA e 7 *
R L2 |
o YMER He ER T R T IR AV 2 it IH00E000RBBEREEEE
. #E]%?%?ﬁé’]?’?‘%iﬁlﬂ et e e oo eedoeenesie .o
AL spaan o
.« B Hiting sl [l d |

« FTRRKEWHIE

C HEGRRTH

oo o O
. CPU (A FHE2BHIE) #2GPU (A Til%4ibz A e o N <
%) Z Ia] &9 -5 [E]

° %77%75\7??\
D1 53X 237 69 5] RLAR b & IR B AR AL 5 5] S ik 09 01 #7 EN R EERE
8 a & a8 8




% &% 5 5] (Offline RL)

O H: £ ELFEIRE T MEFTFIE D% — AR 5] 55 e AR 4242 TR 7T B
« N5, Bl L AL 2lr, FRREFSF
o« +4oFE, BB ARH . EHEELE

O & KARACF D s M 00 8 KBRS b B 3 4 47 R AR,
SIPITRE RN Y S SRS SIS




#2147 % ] (Imitation Learning)

o BAZFI: BERGALEETRORS-AEXTRF ] Rk
o By ARZFI] R, AmIZHA IR
« R¥:
o RALE AR IR AR B st R ws, BARAIL R £ B kAL

« BUGFIMARETRF, AR IERBEHHB IR EALET XIAF

N s AR 24 N T ar o
Feses BB o(at|oy)




- EHFREMRE

% % Ae R aR L 7 5] (Multi-Agent Learning)

A2 5 3

o
o RELE S A AW HEAT 5 5] Ao R ATEY L ARAY AR AR

o BT —ANTRARGILAT, FRAIFREW

(non-stationary)

c REHBIMEPH 2 RKEKE




% % Ae R aR L 7 5] (Multi-Agent Learning)







% % AR IR 5 2] (Multi-Agent Learning)




AAE A B AR A R AL 5 5]

- RLHF (Reinforcement Learning from Human Feedback): k&5 &R 5 &AL wiF, 7
W AR FHFS., REse, AR

« RLVR (Reinforcement Learning with Verifiable Reward): *TI&iEX BhsriLs ), #HA KR
AR, B, RF. KRBF

« AgenticRL: IALLMI ERARN S % vk Ay, Hlde, WebAgent. GUI Agent. Code
AgentF



Planmng
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