


Owe again so ,Ao , R, 9ARz , - - . .

.Rea
TD error ;

TDL:o) : -
✓ 1st) ← vk.tt + (Rte,toKst⇒) - VLSH)

Example:
-

DwvingHomieap (Baetofswttonponids.tw)
State adapted time Predictedthat

Predated
go Totalthe

Leawdngoffsu 0 30 30

35 40
tlhchrlaepain 5

exit highway
20 15 35

behind truck 30 10 40

Hanestret 40 3 43

aww how 43 0 43
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Batch the 4TD :
-

MC4B courage ;
V → Hs) as experience

→ • ;

• Batch solution for fate experience?

si ai
,
ri

.
. . .

si
,

air . . . s÷ I
• repeatedly safe episode the Gk)
. Apply me or TD ( o ) to episode k .

what do the GTD Garage to ?



Ext Two states;
no discounting ; tepisrdes .

ofenpminu ;
A,0,B
B
,
' Mc rlst) ← visit d(G+ - VISA)

B
,
I

B. I TD④tk-VAHTDIA.FI ¥;)B , I

B
,
I

B
,
I

B
,
0

④
- I%

5=0

⑦→④
notool.
2¥

MC converges to solution with min mean.sq
error.

Best fit to absurd rating
÷iGE- vk.hn

'



for the maple VLAI - o;

TD10) converges to a solution
of max likelihood

Markov mrrdelj

{ftp.plir/whihbestfts the data
.

%=n÷÷H÷.
iii. n⇒ ,

a ⇒ rie .

for the example, VLAK 075;

ADV of TD - exploits Markov property .

more effective d- Markov env -

Ap¥ ! Does not exploit Markov property .

effective in now Markov em.



Lastly:
TD4Y

4IK Rt
,
,t6Rt←t - - - tFRt+nt 8

"

VK.in )

• n- step TD learning ?

N6H ← Ht) in GI - VK.tl .
Now TD (A) :

-

• Average n-step returns are different n ;

E It
"
' II)

- Can we combine such information from
all time steps ?

•
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FD4 ) : ( From Silva)
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at f teipdate .

vk.la- vlsyeatfvlstt)
• Needs entire episode .



Eligibles :
•

whit states should get credit for
current return ?

- -

Frequency Heuristic Recency .

Assign credit to Assign uednt to

frequent states recent states ;

Eligibility : Combines these heuristics;

Eo (s ) = 0

Etfs ) = TREE ,
t 1Gt :S)

• India : keep an eligibility trace for all
states ;

update Us) As, in proportion to it,
and Etf)



Backward view TD1X ) .

It ⇐ Rt, tr VK.ee ) - Ust)

Hsl ← ✓b) + a St Etcs) .



• Last time - we saw function approximation .
It

unavoidable when we want to solve

large problems;
Backgammon - 10

"

states;

fo lotto states .

rahnfmcto-
- idea .

.

I Got A G) ; Approximate-
[ Is,a,w ) I Hit (59) . - gratin approximation

Exwp Represent a state bya feature

:c:÷i
A thear approximation of value function

is

%w) = ?Iwi Xils)



• Natural objector function to minimize
LG4E ⇐ (th ft - xGsI f)
= /

we don't know this unlike in supervised
learning !

big substitute a target for this;

thin = E
,

a G) - Nsfw ) . XGI)
i. w ← w - a fit f) - Nsfw) xHI .

Stochastic gradient using one sample;
Dunne : v
-

* G) replaced by Gt;
hT target replaced by Rteitrtfsta ,

w)
MY wa-w-afrteirvlstait-ilsx.ws)

"41



Monte-Carlo + function approximation :

-

• Gt - is an unbiased estimator of ¥ (St );

• LS1
,
G
, > LEG27

- - - Lse
, Gp 7

- thought gas
supervised training data;

but a fat - rift,wI ) Rift,w )
T

works even if this isnot a linear fu fw .

•
the - convoy, to a local opt

- MC "

even if the function approximate is
how hhlahj

• Can do TD learning with function value approximation
TD beget that 8T (Sta

,
#what w

Biased sample of Vtlstt
• Can still do supervised learning as before



Hi , Rita (sa,wI7, Isa,Rztov↳ND, - . .
.

Apply supervised learning to above,
TD6) : ow = a (Rt of (s',w ) - I 6,w))pw%,w) .

w← w - how =
w - * 88×6)

,

in the

lower case;

THI. Liman TDK) lounges to global optimum,

Can do the same with TD
"

ow -
- HEE- its,ws )Kitty)

• An backward honor TD4) :

f- = Rte, -18J Gta ,w) - J ft,w)
Et = 84 Etyt × (St )

redw
? tamar; /



Dw : dit Et ;

Lasting : compatible function approximate for
state - rate function .

• In gamal : JEAN) I 9*6,41 .

- Minimise least squaw now,

.Exap xls.at.

actor- value a Wmd function of these
features,
! be stochastic gradient as before,
• Targets for gradient updates ? like before;
Gt
, Rteltroufste , ,Ate↳w) , Ddt -

- - -



•
The previous algorithms -a single sample used as

an unbiased estimator .

BATCH REINFORCEMENT LEARNING :

-

• Gown value function approximation TG4E 4GI
and experience

D= ffs , 7, da ,vI7, - . . ,4,453

GoA Fond parameters w which give the best
fitting value function if,w) .

LEAST SQUARE :
-

lslwt. EYE - unfit,w ))
'

7=1

Algorithm'
• Sample state,value few experience

ON'T - D
• Apply STD update

ow = alive, a)the
# law)



• Courage to II again Lsfw)
W -

ExfuienurepIayiwDBN
• Take action at according

to E-grady .

° store ↳at
, hee , , Ste , ) in D

- replay many
• Sample random mini - batch of transit,
(s, a ,r, s

' ) fond
- compute B- learning targets w.r.to/dw-
• OPTIMIZE MSE b/w 9-network &Q having

target .

filming.si#fHIHdibI.a.-wi , 5)
Use stock gradient desert;



DCSNN : Nature - 2018g Human level control though
-

deep RL
Sets
up a DSNN

to approximate the optimal action-
value function

8*6 ,a) = IF ④ fhtt that - - . 1st 's,at=qT)
* Experience replay - biologically inspired . since it randomises
on the data it removes wishbone in the

observation sequences .

* has an iterative update , adjusting action- value
towards target values which are only periodically
updated and so admiring www.ons with the

target .

• End to end learning of
values B4F ) from

pixels



i i÷÷÷*::÷
Parametric approximate
atom value function 86,9, Qi)
Qi - are weights of the

D8NN .

• Perform experience replay by storing agents
hepisiences et = ( G , 9) f- , Sta ) ht each
time step t in Dt = fen - . . ,et3 .



9- learning update at iteration i uses
loss fu

Lifoit E fat ring a; of ) -

⇐ apish a. oil f)
Network parameters used to compute the target
at iteration i. /
Parameters

of the network in iteration i

• Target network parameters OF are updated
with the f-network parameters Finney C
steps and are held fixed b/w individual

updates .



NIEN!

• At each tone stept , agent selects out
,

a

legal game action and passes it to the
emulator .

- Emulator modifies its internal state & game
Shot

.

• the agent observes an image few the
emulator

,
the vector of pixel values representing

current screen - Agent receives reward
I
,
the change in game sure .




