
Reinforcement Learning
MDP

Today's ( Q- learning
Deep Q- learning
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Goal : train a policy to solve discrete MDP
.

policy , TL is a function that maps States to actions

optimal policy , -9L



① The return , Re is the total discounted reward from time t
.

Re ie rkrcse.ua
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② The state value function , V
"(St ) is the expected total

discounted return from state St

Valse ) ± Ea [ Rel Se ]
= Ea [ rest' .at'll se ]

= Ea [ rlse.ae) Ise]

③ The state- action value function , Q
" (St,at ) is the expected

total discounted return when action at is taken in State St.

QTYSe.ae) E Ea [ Rel St .At]
= Ea [ the' .ae ' ) 1st ,at]

= Ea [ rlsei.ae) Ise.ae]

example,,
Q(Si ,Al ) = t ( Si ,Al ) t IESznplsals.ae ) (Eau#ads)

= rlsi.ae) t Esopus . .. > V" %)
a rlsi.ae ) t V"( Sz)



Example : Grid world
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' rewards : value in the box
- Trans, prob :

604 : you can go to next States
what you intend .

How do we findT
an optimal Po!"dYw. 204. : go right

for
G"

20 Y, i go left .

- objective : maximize Re
. initial : ( 1,1)

States

Q- function tells you the value of starting in State se
,

applying action ,
At

QTYS-i.at ) = Ea f Hse.ae> I se.ae]
run

= rlse.ae ) -1! a' latkes?⇒PHHsf¥,
The optimal Q -function for MDP , is deterministic
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Useful relationship : V* (s) = maax Q
't ( Sa)

*
@* Is,a) e r( s ,a) trs.Igplstalst.ae ) Maf? (Stu
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what's the optimal action ? at ?

alt - argmax Qlsa)
a

* Iterated Q-Learning ¥
① Initialize Vo

.
Qo

Gridworld 1217)
② For it : NUM-steps :

For VSE S :

Qi G.a)← rcs ,a) + r -3cg pls
' Is.a) maa.XQild.ci )

once it's converged ,
- Totals) = argmaax Qlsa)

If we have a large number of States, then tabular representation
is inefficient and intractable

.



Quick Review
-

Ilse
.
At ) = HSE, At ) t t¥gp( Still St.ae) V (Seti)

Standard Q-learning
QLS , a) ← r(Sia) + Ese, npcstalse.ae) [VG

Hs .a) t Eyes PG-tulst.ae) Max Olsen ,
Atta Ata )

How do we compute Ets
#rupee. Ise .ae) ( V ( Seti )] ?

⇒ The key idea in Q-learning is to use samples of
the next State Seti

in place of expectation .

⇐ Else, npcse.ulse.ae, [ Ulster)) x Max QlStel , Atu )
At-4

This will converge for the tabular case . provable convergence
of Q- learning requires visiting all State - action pairs
infinitely many times .



It Q- learning w/ function Appwximator .
- Q- teaming

oyse.ae) ← use.at) t Ma:X Qlsttt , Att' )
- we parameterize Q function by fun . approx . QI .
- O are the weights of the approximate,

- Yi ← t ( Sci .es , Aci .es ) t Ma!¥
,
,QO ( Sci.tn .

Ali .tn)

- O← argmoin Ell y ; - Qolse .⇒ . aces ) IT
-

- Use gradient descent to find O .

-

with this approach , the convergence is no longer guaranteed .

* Deep Q- learning ( DQNT network
[Qfunnier

{④ Replay Butter,
"↳UP fo¥¥¥¥o]NN

② Target Q-function
is , a .si , r , T.ZXQE.li)

- Visual pseudo - code : / - (r (Si ,ai )

samE,asF*. max¥IE÷:

( rm
.
dm :am ,

Sm , Smu )

÷s- '

tawrf.fua.am
.

( updateQe -- Qe )



① Replay Butter .

↳ save samples , ( Si , Ai , Si , ri , di )
② Target Q-function

Iden: slow down the moving target value .

Yi← Hsi , ai ) t maay Qt ( Si
'

,
a

' )

please check the class notes about DQN algorithm

Youtube link for DQN on Atari- games .

a.in

n:::: : in:i:÷::

CNN)


