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Large-scale Reinforcement Learining

* Number of states in real-applications

— Backgammon =~ 10%°
—~Go= 10170

* Problem with large state spaces
— Too many states to be stored in memory
— Too slow to learn the value of each state

* How to scale-up model-free methods for large states?



Function Approximation

* Using parameterized function to approximate true value function
D(s, W) = v;(s)

or (s, a, w)=qg,;(s,a)

Where w € R?



Types of Value Function Approximation
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David Silver, Lecture 6: Function Approximation



Function Approximators

* Neural Networks

* Linear combinations of features
* Decision tree

* Nearest neighbor

e Fourier / wavelet bases



Differentiable Function Approximators

* Linear combinations of features

e Neural Networks

* We also need a training method for non-stationary, non-iid data



Gradient Descent
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Gradient Descent

* Define the gradient of loss function J(w)

Swl

Vwd(w) =

8J.(w)
\ OW /
* Update weight w

Wipr <« Wy —aVy,J(wy)

J(w)

A

Initial




Stochastic Gradient Descent

* Minimize the Mean-squared Error (MSE) between approximate value
function (s, w) and true value function v,(s) :

J(w) = E; [(va(S) — (S, w))?]
 Gradient descent finds a local minimum

Aw = —%QVWJ(W)
= aE; [(vz(S) — 7(S,w))Vu (S, w)]

 Stochastic gradient descent samples training data



Feature Vectors

* Represent states by feature vectors

* Examples:

— Distance of robot from landmarks, prices in stock market, piece and pawn in
chess,...



Linear Approximation

* Approximate value function w using a linear combination of features

D(S, w) = wix(S)

W) = Er [((S) —wx(S))'|

e Update rule is simple

W « W — a(Vr(S) — w'x(85))x(S)



Table Lookup Features

m [able lookup is a special case of linear value function
approximation

m Using table lookup features

1(S = s,)
m Parameter vector w gives value of each individual state

1(5: 51) W1



here is no Supervisor in RL!

* Substitute a target for true value function v, (s)

m For MC, the target is the return G;
Aw = oGy — V(S5¢, W) )V V(5S¢ w)
m For TD(0), the target is the TD target Ryi1 + yV(St41, W)
Aw = a(Rii1 +0(Si1.w) — V(Se, W)V v(Se, w)
m For TD()), the target is the A-return G2

Aw = til"(G;\ — \?’(StW))Vw\?’(St W)



Monte-Carlo with Value Function Approximation

m Return G; is an unbiased, noisy sample of true value v, (5;)

m Can therefore apply supervised learning to “training data’:

(51, G1), (52, G2). ... (ST, GT)

m For example, using linear Monte-Carlo policy evaluation

Aw = Q(Gf — ﬁ(Sr.W))vw{;(St.W)
= Q(Gr — \.?(St.W))X(St)

m Monte-Carlo evaluation converges to a local optimum



TD Learning with Value Function Approximation

m The TD-target Revi1 + vV(Sti1. W) is a biased sample of true
value v (S¢)

m Can still apply supervised learning to “training data™:
(51. Ro +70(52,w)), (S2, Rz +70(S53.w)). ... (ST_1. RT)

m For example, using linear TD(0)

Aw = a(R+~0(S5" w) — 0(S,w))Vy (S, w)
= aox(S)

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



Control with Value Function Approximation

* Policy evaluation Approximate policy evaluation
* Policy improvement e-greedy policy improvement

Starting w e
= Ay = 9



Action-value Function Approximation

m Approximate the action-value function
@'(5~ A: W) ~ q‘W(S? A)

m Minimise mean-squared error between approximate
action-value fn §(S, A, w) and true action-value fn g.(S, A)

J(w) =Ex [(g:(S. A) — 4(S. A w))?]
m Use stochastic gradient descent to find a local minimum

1 N N
_§VWJ(W) = (g-(S,A) — G(S,A,w))Vu4(S, A w)
Aw = a(q-(S,A) — (S, A,w))Vwig(S, A w)



Linear Action-Value Function Approximiation

m Represent state and action by a feature vector

Xl(S,A)
X(S,A) = _
Xn(S. A)

m Represent action-value fn by linear combination of features

n
G(S. A w) =x(5.A)'w=> x(S. Aw;
j=1

m Stochastic gradient descent update

Aw = a(q(S5.A) — G(S,A. w))x(S, A)



Incremental Control Algorithms

m For MC, the target is the return G;
Aw = (Gt — q(S¢, A, W) )V G(5:, A, w)
m For TD(0), the target is the TD target Rir1 + 7Q(S¢+1. At+1)
Aw = o(Rie1 +7G(Se1, Arer,w) — G(Se, Ae, W)V g(St, Ae, w)
m For forward-view TD(\), target is the action-value A-return
Aw = ﬂ(@? — 4(St, A, W))VwG(Se. Ar, W)
m For backward-view TD(\), equivalent update is

0t = Rey1 + ’?”@(SHLAHLW) — a(Sh At:W)
E: = YAEi—1 + Vwq(5:. Ar.w)
Aw = [T(gtEt
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