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» IR A kB K i 2 (Markov Decision Process )
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o RA LB RS

» R Ak % it 42 (Markov Decision Process )
i %0 : so ~ p(So)
HAEARIEZFINE ¢ a,
IIERIFERE 1 ~ R(C |se, a)
TR T —AMNKRS ¢ Seeq ~0C S ar)
AT B R re B NCRES Sy

> RS ARAL
FBE kAL M SXA - [0,1] m(s,a): AREST

AT S AVE a o9 #E &
B AR R B AL 2 R RBAE R T de R
Kby <1)

2 Vtrt
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At last — a computer program that
can beat a champion Go player PAge484

ALL SYSTEMS /GO

O MATURE COM NATURE

CONSERVATION RESCARCH ETHICS

SONGBIRDS
A LA CARTE

st as2

573
& A
R ZS 72 )
FAE 72 |A)

£






785

B RER

Jk 72 8 (7 X143 &)
A 2 9]

R




1% % 4%, (VALUE ITERATION)

> MAH 2% % (Value function)

RS AR 2
V*(s) = Errn[R(T)]5]

R S-FAE A 2K
Q"(s,a) = E;.[R(T)|s, a]

> JAE Rkt
1243V (s) = Er o [R(7)|s] £ 3] & K

#47Q7°(s,a) = max E; . [R(D)[so = s,a0 = a]
15 3 K



15 %4, (VALUE ITERATION)

> RAE R

Bellman 72 (7% £2 %.9)
Q*(s,a) = max Er~n[z Vtrtlso =S,a9 = aj
T
t=0
= ES'~p(-|s,a) 7o +V rrzlz}x Q*(s',a")]
> 18 AR

Qn+1 (s,a) = IE:s’~p(-|s,a) [7‘0 Ty rr;z;x Qn (S" a’)]
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Last frame

Last frame

9

Learned Q-values

Arrows represent best action

Learned Q-values
Arrows represent best action
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https://gymnasium.farama.org/tutorials/training_agents/FrozenLake_tuto/

1.0
0.8
0.6

-0.4

-0.2

-0.0

0.8
0.6
-0.4
-0.2

-0.0

11



15 %4, (VALUE ITERATION)

> AE FER
Bellman 7 #2 (&A% & ¥&)
0*(s,a) = max Er~n[z yirso = s,a9 = a
T

t=0
=Eg pesaylfo TV max Q (s, a")]

> A AR
Qn+1 (s,a) = IE:s’~p(-|s,a) [7‘0 Ty rr;z;x Qn (S" a’)]

R R o oM AF—FKRE-HEHHE Q" (s,a) o
Pl ho R SR AT R IKRERE > L AEENKS
iR Lt AR ERTATE

FLREDE AR RAAZ ML RETF 07 (s,a) o

12



B (DEEP) 15 3% X,

> Bellman 75 2 (& 1% R 9&)

Q*(S; Cl) — Es’~p(-|s,a) [TO T 14 n}ﬁX Q*(S’; a’)]

> KA

2
Lk(gk) — IEs,afvp(-) [(YR —Q(s,a; Hk)) ]
Ve = Egrpiis,a) 7o +v HLE}X Q(s’,a’; 0x_1)]

VoL(0) = Eg 4 p()s'~p(1s.a)m[(To + y max Q(s’,a’;0)
—Q(s,a;0))VgQ(s,a;0)]
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AN AE B9 22 BT HLE 2R (Atari Games)

https://deepmind.google/discover/blog/agent57-outperforming-the-
human-atari-benchmark/

Q(s,a) K H s, a¥c R 3 %
THE AR A SIUA KRR 4k a
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;ﬁi%ﬁﬂ% B & 3 (POLICY GRADIENTS)

> KA A & H
B A Kok F B o (s, a) > BEF Ky (als)

L(8) = ey [RD)] = | ROP(x ~ mp)dn

VoL(6) = f R(t)Vgop(t ~ mp)dr

= Jf R(t)Vglogp(r ~ mg) p(r ~ mg)dr

= Err, [R(T)Vg logp(z ~ mg)]
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Z A = (POLICY GRADIENTS)

> K AL MR R #
5 Vg logp(z ~ 1p)

p(~mg) = | [ plsearlse admo(aclse)

t=0

Vg logp(t ~ my) = 2 Vg logmg(a;|s;)

t=0

VoL(0) = R(7) z Vg log mg(at|st)

t=0
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j’v\%?}}?’: B A 5 (POLICY GRADIENTS)

> B RAL A & 2K

VoL(6) ~ R(x) ) Vylogmg(arlse)

t=0

o X HE R(T) 09 IR & > AR AR IPAEZ T F BT RIBAT
) 69 4R 5 o

4o B HIE R(T) 89 B IHARAK > AR & AR A 3% HLIT F BT RIRAT
) 69 4R 5 o

XA R EHANAEAETLRAFTEFB8 T L2E5 0 BAA
&ﬁ&%%%m%%ﬁﬁﬁﬁ%&Tm%maw%&ﬁ
)2 A = A (credit assignment problem) 35892 /&£ K5 7 89
LAY » B EIRANATH A REERD R ROJPLER o AT
HEX— 8 BMEEMFTEAET ZHBEARARRTAEH T £
Bl A K 2 (baseline) S 71 N F B 4409 g Hh . H ik
e Actor-Critic % o .



> B % AR (offline planning): /& %X, ~ R&H E 7 &

BERBFT A TRRS TR » R rEXEAB-E
& (BPRE) RIATITH o

> J& 2 #LX) (online planning)
AR Fo AT 2 KR AATE) o —BJAT T — NIk (EJL
HIAREA— R INHE) 0 RAVEAFIRES T4 B KA

X o AN R TBLEEEFIZHTE %ﬁ%
R h A REN > Nt g M{E o
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% 47 TSI R

> RAF T A R

s BATRE s o AEHQ7(s,a),Q7(s,b), Q" (s,C), -+ -
RKImax Q*(s,a’)
a

- ZHFEAEHQ (s, a)
0™(5,0) = Eq g ) ¥ elso = 5,00 = ]
t=0

1
zNZ:Ri(T ~ T|Sg = S,a9 = Q)
i=1

BAREITE KRR
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4T IAMIE R

> XA F& Tk

FAVE W M I Z AW ORERRBATF I R T RFT)) o K P
W) FEAN T B A QT (s, a) §9 LA

- 1% ##(selection)

- ¥ J& (expansion)

- 2 #L(simulation)

- 7 ¥ 4£ #5 (backpropagation)
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S AT T ISR &

MR E(HATRE) T4 > S8t BFFH .85 EFE
B —ANEKTER T (b4t xR AR TN
SORA T EAAKE
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RRBRRNT &> o FiTEHayh Ly e
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MFT 8T Y TR PATHEAAEE M > A 2R B &R E o
TG B R X T ik Rt E L > 8L 5] FAE
W EA A wIIRES o TTERZBR(T ~ sy =5,a9 =a) °
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WAL LIRS LB R > R a4 35i% £ vt i
iz EHAKE G HAE Q(s,a)

24



N &
W -

, N B 5
A S/ \2 &/ \=
o~ \ e ! - —
\ QL = v =

T i%ﬁ-}lkéso; t’)y
N(s,a) = N(s,a) +1
R=7r+YR

Q(s,a) = Q(s,a) +

Gy
Al

R—-Q(s,a)
N(s,a)

25



-

o

™~ v :) _ -
N o ~ . = ~ . Ny
- - \ B

P - N = & i
> \ N o
QY : Q¥ < S <

% B # i ALA & (multi-armed bandit algorithm)

2In N(s)
N(s,a)

N

a = argmax Q(s,a) + 2C,
a

\
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S AT AMIE R BT

% % X

- % #(selection)

- ¥ & (expansion)

- A P (simulation)

- 75 W) 4% ¥ (backpropagation)

) s FF— 4
At last — a computer program that Eﬁ /;F» T B4 ﬁ:‘

can beat a champion Go player PAge484
< MESUARCH ETWIC OPULAR SCAENCE

O MATURE COM MU

URE COM NATURE
8 S TG0 BN S0V Y
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XAF T AR BT

B
. Bt val +1
F val + 0
# val -1
val 2In(parent.vis
UCT = —+ (p . )
vis Vis

WINNER: h

https://vgarciasc.github.io/mcts-viz/
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> 52 K

#3243 CS23148 4 -
https://cs231n.stanford.edu/slides/2017/cs231n_2017_lecturel4.pdf

18 52, #| CS294 3% 4
https://rail.eecs.berkeley.edu/deeptrlcourse-fal7/f17docs/lecture_5_actor_critic_pdf

M
https://gibberblot.github.io/rl-notes/single-agent/mcts.html
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https://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture14.pdf
https://rail.eecs.berkeley.edu/deeprlcourse-fa17/f17docs/lecture_5_actor_critic_pdf

