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Reinforcement Learning
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Reinforcement Learning
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 An agent sees state, takes an action and
receives a reward

« The state may change due to the action

« The state may also change without action

« EXx:space invader, AlphaGo...
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Reinforcement Learning

« Godal: to learn the best policy that maximize the
total reward
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m*(s®) = al® that maximizes £,RW®
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Markov process

A random process is a collection of fime-indexed
random variables

 Arandom process is called a Markov process if it
satisfies the Markov property:

P(S(f+1)|s(r)ﬁs(r_l)’ )= P(S(r+l)|s(r))

« The future is iIndependent of the past given the
present

« The state capftures all relevant information from
history
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Define Markov Decision Process (MDP)

* S the state space, A the action space

 Start state sY

« P(s'|s; a) the transition distribution, fixed over t
* R(S,a,s’) the deterministic reward function
 y €]0,1] the discount factr
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Given a policy n(s) =a, an MDP proceeds as follows:

s© 2% g &l a") ),

with the accumulative reward

R(s9,a? sy 4+ yr(sW . aM) s®)) ... 4 IR qH-D §H)y
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Given a policy n(s) =a, an MDP proceeds as follows:

a® a)  gH-
s© 2% cy @ dTD )

with the accumulative reward

R(s© a® sy 4 yR(sM a® s f ... 4 IR(sH) glHD) )

« To acquire rewards ASAP
« Different accumulative rewards in different trials
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« Given a policy r, the expected accumulative
rewards collected by taking actions can be
expressed as:

H
vﬂ' — ES(O)_---,S(H) (Z ry'R(S(f)7TE(S(T))’S(I+1)); n)
t=0

 QOurgoalisto =~ ths ~=*~~=~Inolicy
m° = argmax Vy
T
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Value lteration

10



LAB

Optimal Value Function

H
— argmfzrleS(o).___qs(H) (Z }/R(s(f)? TL'(SU))jS(H-l)); 71:)
= —
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« Opftimal value function:
Maximum expected accumulative rewards when starting
from state s and acting optimally for h steps

F—SHMERENpolicy

h
v (5) = maxEy) .. ¢ (Z YR(s¥, w(s"),s+1))|sO) =, 7:)
t=0

T
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Optimal Value Function

h
V*(h)(s) —- maXEs(l)_,___s(h) (Z '}}R(S(’)’ n(s(f))’s(1+l))|s(0) —¥ 7{)
=0

n )

« Having v*H-1(s) for each s, we can solve r* by

HAI—Z o DA hIREE — T H&Epolicy

" (s) = argmax Y _P(s'|s;a)[R(s,a,s") + yV*E=D ("], Vs
a gt

B #1R1E accumulative reward& S HIIpolicy T E)
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Dynamic Programming

h .
V*(h)(s) e maxES“;. ) (Z '}/R(S(t), ﬂ(s(t)),S(H'l))ls(o) =g 7r>
o e

=0
@ h=H-1:

v H=-1)(g) = maxZP(s’ :a)[R(s,a,s') +yV*H=2 ()], Vs

o h=H-2:
R(s,a,s") +yV*H=3)(s")],Vs

#(H-2) (o) — /
v (s) m‘?xgp(s s.a

o h=0:
VO (s) = max Y P(s'|s;a)[R(s,a,s") + yV* " (s")], Vs
a ¢/

@ h=—1:

v =(s) = 0,Vs
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Policy Iteration

« Given a policy wr, define value function:

Vz(s) =Eq ... (Z }/R(S(I)a”(S(I)):S(HI)HS(O) =S, 71')
=0

« Start from state s and act based on policy
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Policy Iteration

1. BEEE—(EXRBEEYRE
2. RIEBEBEBINKEEETE Value functionfy1E

3. R#EValue functionB BT E B RIAARE P HE
AJaction
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Policy Iteration

1. REB—1ME 3 x3 NSEDE
$ 2. #afb: AEEM - —EEMNE
3. HhgFh:

MRBREL Mo - BHEERS
MRBRAELE M7 - BIZERE
4. KIEU=:

S— . MBEEEAEETRS SRR
\S | . MBEBHALELTFS  SEFNERIEE

5. RESEH: BENRBEE FeiFAE

BEZEMpolicyrixF i E 28—k EaFAgent ' ETEUE -
ZTEEENE 5 RUHTIE]
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Policy Iteration

Algorithm: Policy Iteration

Input: MDP (S,A,P.R.y.H — )
Output: n(s)'s for all s's

For each state s, initialize 7(s) randomly; RCIﬂdOI’Tﬂy
repeat .

For each state s, initialize Vz(s) < 0; pICk

repeat

foreach s do
| Vals) Lo P(s']s:2(5))[R(s, 7(5).5") + PVa(s);
end
until Vz(s)'s converge;
foreach s do
| 7(s)  argmax, Ty P(s'|s:a) [R(s.a.s) + YV(s)];
end

until 7(s)’s converge;
Algorithm 5: Policy iteration.
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Policy Iteration

Algorithm: Policy Iteration

Input: MDP (S,A,P.R.y.H — )
Output: n(s)'s for all s's

For each state s, initialize 7(s) randomly;
repeat
For each state s, initialize V(s) < 0;
repeat

foreach s do

| Vals) < LeP(sIs:n(s))R(s. 7(s).8) +va(s); | Evaluate

end v
S
_until Vz(s)'s converge; T ( )

foreach s do
‘ 7(s) + argmax, Y ¢ P(s'|s:a)[R(s,a.s") + yVz(s')];
end

until 7(s)’s converge;
Algorithm 5: Policy iteration.
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Policy Iteration

Algorithm: Policy Iteration

Input: MDP (S,A,P.R.y.H — )
Output: n(s)'s for all s's

For each state s, initialize 7(s) randomly;
repeat
For each state s, initialize V(s) < 0;
repeat
foreach s do
| Vals) « Lo P(sls: () [R(s, 7(s),8") + YVa(s)];
end
until Vz(s)'s converge;
foreach s do

| 7(s) « argmax, Xy P(s'ls:a) [R(s.a.5') + 7Va(s')]; Improve n(s)

end

until 7(s)’s converge;
Algorithm 5: Policy iteration.
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Q-Learning

21
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O (s.a) = maxEq) (R{s.a.s':”}-{h i ‘};R(s“].ir[s':":'}.s“*”}:s.a.;ﬂ:)
r=1
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Q" (s,a) = ZP(EWS;H)[R(LH,S’) + ymax Q*(s'.a")], Vs

Policy iteration:
ZA—RSFFAgent T TS - 2T EEENF . BUHE

Q learning:
ZA—{EAstatefRactionfH N FRE UEEFQE
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Q-Table a1l a2
s1 q(s1,al) q(s1,a2)
s2 q(s2,a1) q(s2,a2)

s3 q(s3,a) q(s3,a2)
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Q table

/& Bmeeting - HFEFIHAQ-table T BE B EHE T

al: Hpaper a2: Il 28
sl 5 -3
S2 4 -2

1. RREeFMrEsl - JREFHpaper (AHQE)
2. FiES2 - AKEVENME - MEFEQ(s2,a1)E2Q(s2,a2) & X

3. Q(s2,al)tEE X - i§EBEEy - BN _Ls12s2=%Hreward(5)
>BFIREDQ(s1,al)E - WHAQ-tableF [RAHE(5)LLER

4, BRI
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Temporal Difference

« We want 1o estimate:

Q" (s.a) ZP

Temporal difference (TD) estimation of Q*(s,a) for exploitation
policy 7:

@ O*(s,a) < randon value,Vs,a

(%)) Repeat unt|I converge for each action a'':

Q* (S ) — Q ( )+
d [<R<s‘”-a<” (D) 4 ymax, §* s+, a)) - O*(s,a)]
— \
imam e Q-tablesh 7z freward &
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Homework

e Please see the attached files
(run.ipynb/RL_brain.py/maze_env.py) carefully and write
comments to illustrate how these code work in
run.ipynb/RL_brain.py/maze_env.py(optional).

e (Optional)You are also encouraged to modity the code
under different situation (different maze size, episodes,
learning rate, gamma or episilon) and illustrate your
observation:s.

e Turn in your work with the package (*.zip) that contains the
three files above.

e Folder name: hw8 Your Chinese Name
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