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Disadvantages of Monte-Carlo Learning

+ We have seen MC algorithms can be used to learn value predictions

+ But whe@re long, learning can be slow

& we have to walit until a iIsode’/ends before we can learn--

o return can have@ari@ C/c',f :

* Which one is more? First-visit or every-visit

+ Are there alternatives? (Spoiler: yés)

—
Y
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— Monte Carlo Control
T~




Monte-Carlo Control

Sample episode 1,...,k, ..., using m:{S;, A1, R,, \_,;T} ~ Tl

For each state S; and action A, 1n the episode:

q(S;, Ap) < @) +£’it(ﬁf — q(St;At))

1
TR of a,=1/k

Improve policy based on new action-value function

W
—> m"®%(s) = argmax q(s, a)
~—pb} — acA =

—
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Any issues? VU - ot o, (G- Vf_ib

o o \ 0
+ Let’s consider this example:
o
+ Discount = 1, learning rate =@, start in state H. 5.9 Y a-\

e
—— —_—
l/

‘<'\’/\’\-4
/H\
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Epsilon Greedy Policy = £, cpisole  gemerstion

+Simple idea to balance exploration and achieving rewards
+Let |A| be the number of actions
+ Then an e-greedy policy w.r.t a state action value Q(s,a) Is

m(als) =

arng(s cﬂvl’mb 1—€+ IAI 5 At Sek St

Ma + argmaxQ(s a)WPro Risle T, b
— — 7:-, '
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Does this hurt improvement? i

Theorem

For any €-greedy policy TT;, the €-greedy policy w.r.t. Qni, TC; 41 is @ monotonic improvement
IV ti+1 > T
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Does this hurt improvement?
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Monte-Carlo Control (done right)

Algorithm: I /\
_—>|Repeat: 3 S, | (.
Sample episode 1,...,k, ..., using m:{S{,4{, R,, .._._,_ST}&/E@L\@%C _,BO\V\\/
&] (? A) l7 }For each state S; and action A; in the episode: /kO/J(\J/ )
/ —
. a(Se,A) < q(Se Ar) + @ (G, — 4(Se, Ar) —

Ze.g., _ 1 Q/J&"C\N\(

s = ()
L N(SpAp)

Improve policy based on new action-value function —

< § n(a\szn
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Disadvantages of MC Learning

+ We have seen MC algorithms can be used to learn value predictions
+ But when episodes are long, learning can be slow
™ ...we have to wait until an episode ends before we can learn

o ...return can have@ana@ —~ %\oww _I_Vm

+ Are there alternatlves

-box,{gé S ‘O‘V\j{,f ( Moy e

Q’/D]'Sd LR5 > Qco/ T
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Temporal Difference Learning

Precﬂgtion A Cfm)‘\“’\




TD Overview

+ 1D methods learn directly from episodes of experience
+ 1D is model-free: no knowledge of MDP transitions / rewards
+ 1D learns from incomplete episodes, by bootstrapping

+ 1D updates a guess towards a guess
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TD Learning by Sampling Bellman Equations — _
S < é\/@/m/"'cﬁm "
7

S~——

+ Bellman update equations:

— _
~ V41(S) = E[Repq + YUk (Se41) | S¢ = 5, Ar ~ (Se) ] — ?
.\/ N T N~ — %wyi o™
+ We can sample this! s p,m@m'cw( Meon £ oureX
Ver1(Se) = Rep1 + Y0 (Se41) A “’3 |

+ Samples could be averaged, in a similar way to MC.: b/

)
S P\K% M\ Ve+1(Se) < ve(Se) +
\ C e — Y et |
Q\ - L@O/\/w\ﬁ e J %\\ Bo@hb’éf LOVJ@/ /
) ol C \
O{{ (; temporal difference error &, d Sw(\}“
L@M”ﬁﬂj \ mbromt
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Temporal Difference Learning

+ Prediction setting: learn v, online from experience under policy «

+ Monte Carlo
@ Update value v, (S;) towards sampled return G,
Vn+1(Se) = Vn(St) + a(Ge — v (St))
+ 1D Learning

& Update value V,(S;) towards estimated return R;;; + yv(S¢41)

&/‘error
\ Ve1(Se) < v:(Se) + a Rt+1 + VUt(St+1) Ut(St) %
% - —— </Sj(. v
target X =
( e G

a
YNQA\/(S”

14
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Backup (Dynamic Programming)

U (St) @Rt+1 + yv(Se+1) | Ap ~ (Se)]

¢

Voo
\ | /
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Backup (Monte Carlo)

U(St) < v(Se) + “((it_: — U(S¢))

ol ¢
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Backup (Temporal Difference) X, - X + «[2

v(S;) « v(S;) +@Rt+1 +@— v(S¢)) ><'\H :C(o/ wa 1+ « L?,/, 1 OZZ:ZM ‘4-..)
- R,= = il
! NS \;

N |
WD% T.‘QC/\ .
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Bootstrapping and Sampling Coment est

/'\_/\—/—\

+ Bootstrapping: update involves an estimate Ké + YV (5 Ler)
~—— >< \_:/ //’) '[' B
a4 MC does not bootstrap .
/ S 7
@ DP bootstraps

L7Iootstraps /

+ Sampling: update samples an expectation
@ MC samples ¥/ -
@ DP does not sample 7<
@ TD samples ¥ v/
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TD Learning for action values SARS A

~_ -~—lv\v

+ We can apply the same idea to action values T next Action

+ Temporal-difference learning for action values:

MDP

pdate value q,(S;, A;) towagds estimated return R,,; + vq(S¢+1, Ary1) \ @
\Z

Zf% (5/)) :(R(g//‘) ’/’Y%% (S///\/>> \/,./\____ _
\ Jf’ N \5// TD error S NF(SH//S/A)\
Qe1(Se Ap) < qe(Sp, Ap—F f?\ttl+ythSLﬂ’Afj12_Qt(St:At) \/\) j m (4@
target —

p\,lgé V\L?(/"I'MS AE*I

X?v he) \T( e From whet dickribption Au/ e
Sewmpled?
wwr | 19
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TD vs. MC

+ TD can Iearn@nowing the final outcome

@ TD can learn online after every step/

@ MC must wait until end of episode before return is known

+ TD can learn without the final outcome «~
@ MC must wait until end of episode before return is known
& MC can only learn from complete sequences
@ TD works in continuing (hon-terminating) environments

& MC only works for episodic (terminating) environments

g_LA/S//Z>

+ ID is independent of the temporal span of the prediction 4
@ TD can learn from single transitions (Q/;\ 0, Sa, )

@ MC must store all predictions (or states) to update at the end of an episode

+ 1D needs reasonable value estimates
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Temporal Difference Learning

Control




SARSA Algorithm for On-Policy Control ¢ lwwd Toey

ORI — w0 (al) < erget QLS o)

O
/‘ Algorithm:

Initidlize Q(s,a),Vs € S,a € A(s), arbitrarily, andQ(terminal&state-) = 0 $MF RL
et ’\/W —> | Repeat

| % Initialize S \
e\/\ﬁ[ W) 1’ Choose A from S using polic@ived from ﬁe.é.{?@—‘g‘r@eﬁ) Q«X/’D/OYO{/C)Q _

W C . Repeat (for each step of episode):

or each episode):

/%f/bn, el M

Q(ou(&wf KL
° , = e
Tt weed Take action 4, observe RS" o/ e oot

Choose\fl' from S’ using policygeQ/ed from) (e.g., E—g];eedy
Q(S,A)<—Q(S,A)+W—Q(S,A)](\ (X (s, a)

\ Se«SHA« A
until S is terminal l/ [
(\/\r - [Z

_ C ¢ —
e - €,

Owe

Avoms. ‘
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Off-Policy TD and Q-

Learning
/ —




On and Off-Policy Learning

+ On-policy learning
@ "Learn on the job"
@ Learn about policy m from experience sampled from 7«

Off-policy| learning

- over someone’s shoulder® \
@ Learn about policy m from experience sampled from

N\,\spﬁ\c(@ \ﬁ%ﬂ

MK\)LS \LM 1<)
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Off-Policy Learning

+ Evaluate target policy n(a|s) to compute v, (s) or q,(s,a)
+ While using behavior policy u(a,s) to generate actions

+ Why is this important?
/ @ Learn from observing humans or other agents (e.g., from I\oggedﬁgta)
@ Re-use experience from old policies (e.g., from your own past experience)
@ Learn about multiple policies while following one policy
\ @ Learn about greedy policy while following exploratory policy Ve

) ) ( Doto £f w
¥ 4_, e
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0,0'(/(0"‘

Q-Learniﬂg S /h«/ \/\/m\uag @&/ 4\ ﬁYdJ/? Vg\\'Lj

+ Q-learning estimates the value of the greedy palicy /
q”l(iﬁ) = qt(St, A¢) + ar (Reyq1 + V@ qt(St+1,a')
+ Acting greedy all the time would not explore sufficiently

Qt(St:At))

)

(gi—&\/ S/ V%_\,]) ~ {— ﬁfﬂéd/j «— Jh+5‘ ﬁ/\/h-&”‘ﬂ

Theorem

Q-learning control converges to the optimal action-value function, g — q*, as long as we take
each action in each state infinitely often.

+ Note: no need for greedy behavior!
+ Works for any policy that eventually selects all actions sufficiently often
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Q-Learning for Off-Policy Control Opti~«! Bellwn F%-

[ /@ ’E( Rés,p) + ¥ T, /SC//}/U

Algorithm:
Initialize Q(s,a),Vs € §,a € A(s), arbitrarily, and Q(terminal—state-) =T
N Repeat (for each episode):

Initialize S l/

Repeat (for each step of episode): | | 4 ;>
‘ : : : \364& ﬁ/ 0]]( (S S/ A
_—> Choose A from S using policy derived from (e.g?,lexErékdy) -
Take action A, observe R,S' —
R
s Q@ — Q(S,A) + alR + ymax,Q(S’,a) — Q(S,A)] o
/ B ——
~—> S5
until S is terminal C~ o c Hw T’O\) ‘7 - 9rul7 Ea&e_c‘ g Q\/

C/ﬂ”'r’\ : ,41/,7 O’ﬁvw La, V) o~

/ 4 /'ﬂj SL»cu/ 0\/§0 ISR
9 jvev That s (eo'vvj ond om-

27
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Q-Learning for Off-Policy Control
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