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1. ZtAL O] Z2|LHE Review
1) MC, TD AHE 0|7

S|

-. Value function =8

-. Optimal action & 7|(by policy iteration): greedy EE+ e-greedy AME

dlo

2) MDP: S(State), T(Transition Probability), A(Action), R(Reward) HE & &= U

3) Model2 & = A& B2 & = gl 2 (Model-free) Hl L

@ Model given

-. MDPE Z2EZ = Bellman equation2Z Value function 72

-. Bellman equation2 Bellman expectation equationt Bellman optimality equation & &&F
. Prediction: Value function evaluation ( V(s), Q¥(s,a) ), Control: X|& & %7| by greedy policy
@ Model free

-. P&, unknown > A|ZZ|O|E{Z CHH| > return® TS Value function@ 2 AtE

-. MC(Monte Carlo), TD(Temporal Difference) At&

MC: t AI-Q| returnZt(tAlE 0|2 EE reward=2| discounted )2 target2 2 ALE

TD: CtZ stepl| state®| Value function( V(si.1): biased, 7|2t £X| ®S )& TD Targetd]| ALE
- MC ==& X7 Greedy in the Limit with Infinite Exploration(GLIE)

Greedy in the Limit with Infinite Exploration (GLIE)

m All state-action pairs are explored infinitely many times,
(8, )

lim Ni(s,a) = co A& s, ackms 29) vs0
k—00 ’ Réanrg

m The policy converges on a greedy policy, felici wasnz gredy polty
g

lim mg(als) = 1(a = argmax Qk(s,a’))
k—00 aecA

For example, e-greedy is GLIE if € reduces to zero at ¢ = %

|
-. Sarsa(TDA|E) =& =HA

Sarsa converges to the optimal action-value function,
Q(s,a) — qg«(s, a), under the following conditions:

m GLIE sequence of policies m¢(a|s)
m Robbins-Monro sequence of step-sizes ot
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-. Prediction: MC, TD ARg, Control: e-greedy A&
4) SARSA: TD + e-greedy A&
-.S,A RS, A R,S" A" R',...
- MCe| 42 Target2Z Return Gt =R + R+ R" ... At&(y =1)
-. SARSAE CHZ1} 20| Sampling: (S, A, R, S, A), (S, A, R, S, A")
-. on-policy: behavior policy@} target policy7t St 25 e-greedy AtE
5) Q-Learning
-. off-policy: behavior policy@t target policy?t Ct&
-. behavior policy= e-greedy AHE, target policy= greedy A&
6) TD(\): n-step TD2| 75 H &
7
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Value Function Approximation: state &=
£ S ZSt1 At approximation

-. BF: convergence 2| 24

2. Value Function Approximation

1) Large Scale Reinforcement Learning

Large Scale Reinforcement Learning

e Reinforcement learning can be used to solve large
problems, e.g.

— Backgammon: 1020 states
— Computer Go: 1070 states
- Helicopter: continuous state space

-. Computer Go2| &% 10'° states’l U=
. state & 1byte 7FI5IH, 107%byte’t HR
.10"%byteE XMYSt= AL WMTHLE E7ts
- RAM 32GB = 32 x 10° Hard Disk 1TB =
21017012 = 10'%074Q| 1TB Hard Disk 28
2> 10"°7H2| Q value #t2 table YEHE XMESI= A2

-] x 1012 7|.7(-|

3 =7ts
WeightTh X%
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2) Value Function Approximation

Value Function Approximation

m So far we have represented value function by a lookup table

m Every state s has an entry V(s)
m Or every state-action pair s, a has an entry Q(s, a)

m Problem with large MDPs:

m There are too many states and/or actions to store in memory
m |t is too slow to learn the value of each state individually

m Solution for large MDPs:
m Estimate value function with function approximation

U(s,w) = v (s)
or G(s,a,w) = g-(s,a)

m Generalise from seen states to unseen states
m Update parameter w using MC or TD learning

-. State@} Acton space®| sizeZt 2 Large MDP2| EX|E 1t Approximation S+ ofj 2ot
@ B2 E statedt actiong 222 Hard disk0l XMZEste AL 2715
> 4 ok BE stateDt action| table® XXl &1, approximation 2EO| parameterS M
@ ERE stated} action pairg WESl= A2 27t
> 8|2 2ok approximation 8 2= statedt actionOf CHeH Mt value functions ZIAHSHA| 1

TAHA2 HOFA computational loadE &Y

Value Function Approximation

o Represent a (state-action/state) value function with a
parameterized function instead of a table

S—bl w = V(s;w)

g::l w = 0(s,a;w)

wh

-. parameter w7t HHY® CHE Function approximation modelO| &

-. gradient descent 2 12|ZF0] 98l Loss = E[(V(s) - V(S,W))AE X|A3St= wits 78

3) How to approximate?



How to approximate?

True Value Function Approximate VF

VT(s) s=s W = V(s;w)

¢ Find w minimizing mean-squared error
J(w) = E; [(v(S) — 9(S,w))*]
¢ Gradient Descent Direction
Aw = —%anJ(w}
= oEx [(v=(S) — ?(S,w))Vw (S, w)]
e Stochastic Gradient Descent samples the gradient
Aw = a(v.(S) — ¥(S,w))Vu i (5, w)

+Ly) i =1,2,3 ) HOIED ROIRE W, 52T () Y8 ASUL 5= 92 Tesi0,
it BRO| HEDH B ABY + U8

iny(yi — f(x))> > miny( V(w) - V(w))?E Z[22t5H= parameter

0
B
OP

> 01|’—TE%'9| %™ parameter we
EM oFgL 77t vrof| 74k A sl oF
-. Value Function ApproximationOl A& (x;, y)E state?t 1 stated|A 2] F=O{Zl policy w0l CH$t value
function2 2 ARE: (x;, yi) > (s V(s) ) E= (s, Q(si @) )
- AL, FOZ Ho|H&= sampled £#£0[7] ME0], HM=ZEE Vi(s)Zt QY s, a)E & F 82

m
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- MCOM &= GE V2 &1, TDOM= TD Target2 V.2 51 2XME E0{

-. Gradient Descent Direction: gradient descent direction2E 7tH Jw)7t H2El=H EEE7| {20
ALESHA|RE, BIEA| ZHE EE5HK = @2 5 US

-. Stochastic Gradient Descent: 2= stateOf| CHSHA] gradient descent ¥ 12|5S X EotH
computational load?7} Of% = X|2F, oF 712| stateOf| CHSH RACIO[ESIH computational loadZt ZfOLX|A|
Z| X2, state OFCHO| variability7t X EHEOl U

-. Value Function Approximation%| A= stochastic gradient descent0f 2|3 approximation =& 2|

parameter wE A% YHO[EQ. Vi(s)t Qs, a)E YOIOIE oHX| H&

4) Feature Vectors



Feature Vectors

m Represent state by a feature vector

xl(S)
x(s)=| :
Xn(S)
m For example:

m Distance of robot from landmarks

m Trends in the stock market
m Piece and pawn configurations in chess

- StateE & HHY = U= Feature TE L LN Statel} Feature= ZX| %Z

5) Linear VFA

Linear VFA

m Represent value function by a linear combination of features

U(S.w) =x(S5)"w = x(S)w;
j=1

-. StateO|A| =3t FeatureS2| M T2 Linear VFAS A|Q ZHTHor HEY

6) Linear VFA Example: Tetris



Linear VFA Example: Tetris

= state: board configuration + shape of the falling piece ~22% states!

= action: rotation and translation applied to the falling piece

= 22 features aka basis functions @;

= Ten basis functions, 0, . . ., 9, mapping the state to the height h[k] of each column.

= Nine basis functions, 10, .. ., 18, each mapping the state to the absolute difference
between heights of successive columns: |hfk+1] - h[k]|, k=1,...,9.

=  One basis function, 19, that maps state to the maximum column height: max, hfk]

= One basis function, 20, that maps state to the number of ‘holes” in the board.

= One basis function, 21, that is equal to 1 in every state.

21
Va(s) = Z(i,é,(s) =8"o(s)
i=0

[Bertsekas & offe, 1996 (TD); Bertsekas & Tsitsiklis 1996 (TD). Kakade 2002 (policy gradient); Farias & Van Roy, 2006 (approximate L))

-. 2200 states =10% Bytes > 109-12 = 10*7i2| Hard Disk 22 > X% &7}

-, 2200719| statesOfl A 227HCO| FeatureS &1, MY ZTstH Al 22719 grBt MESHH &: 2 88bytes

7) Incremental Prediction Algorithm

Incremental Prediction Algorithm

m Have assumed true value function v.(s) given by supervisor

m But in RL there is no supervisor, only rewards
m In practice, we substitute a target for v(s)
m For MC, the target is the return G;

Aw = oG, — V(S w))Vuw0(Se, w)
m For TD(0), the target is the TD target Ryy1 + v¥(S¢i1, W)
Aw = (R + 70(Se1,w) — 0(Se, w)) Vi V(5S¢ w)
m For TD()), the target is the A-return G}

Aw = oG} — ¥(S;, w))Vu¥(5:, w)

-. Z3tstE0 M= true value function ve(s)7t FAHXIX| %10 2Z rewardPt FAHX|Z| EH|, vo(s)E
target2 =2 CHH|E

MC: G

TD(0): Ris1 + yD(Ste1, W)

TOO: G

8) Monte-Carlo with VFA



Monte-Carlo with VFA

m Return G; is an unbiased, noisy sample of true value v(S;)

m Can therefore apply supervised learning to “training data”:
(51, G1),(S2, Go), ..., (ST, GT)
m For example, using linear Monte-Carlo policy evaluation

Aw = oGy — V(St,w))Vw (S, w)
= oG — U(St, w))x(S¢)

m Monte-Carlo evaluation converges to a local optimum

m Even when using non-linear value function approximation

17

-. Return G¢Z high varianceX| 2t unbiaseddt?| 20| vy(s) CHA AEStDY, ChZab 20| &k& O|0lH
Td: (51, Gi), (Sa G2, ..y (1, G)

-. MC Evaluation2 non-linear VFAZE AI23l = local optimumOf| i}

9) TD Learning with VFA

TD Learning with VFA

m The TD-target Ryy1 + 79(S¢s+1,w) is a biased sample of true
value v (5¢)

m Can still apply supervised learning to “training data”:
(51, R +v9(S2,w)), (S2, R3 + v0(S3,wW)), ..., (S7-1, RT)
m For example, using linear TD(0)

Aw = a(R +40(5 ,w) — 0(S,w))Vu 0(S,w)

m Linear TD(0) converges (close) to global optimum

20

-. TD target2 biased StX|t, training datal| response 242 E true value functiong CHXISHY ALE

AL

-. TD(0)£ global optimumOi| =&

10) Linear SARSA with Coarse Coding in Mountain Car



Linear SARSA with Coarse Coding in
Mountain Car
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- action: ¥ E Jt& FZ Ol T Y22 V&, ORAE Qtat
- state: AbSA WY K], HE > K| Fo= ALZK|2HM state space= FTHHZL &
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-. Linear Value Function Approximation2 #(s) = Sw®(s)2 H¥




