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Overview

- Why approximation?

- Value-function Approximation
« Prediction Objective

« Linear methods

« Stochastic Gradient Descent (SGD) methods
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Value-tfunction Approximation
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Prediction Objective

How much we care about the error at each state: state
distribution u(s) > 0, Z (s




On-policy distribution in episodic tasks

u(s): fraction of the time spent in s under policy .
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Normalized to sum to one: pu(s) Ej(sz ) 7
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Goal forVE — = frh

Find a global optimum: -
@such thatVw : VE(w") < VE(w)

May have to settle for local optimium:
w™ such that Vw in neighborhood of w* : VE(w")
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Gradient

Gradient: operation that takes a function of a vector and
creates a vector of partial derivatives:

Vf(w) = _8f(w), af(w),---, agz(;:)-
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Given loss function VE(w) which consists of a sum of 4y (<)
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3. Find gradient of individual loss w.r.t. w: W o Jreceont oy
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Linear Methods  */ 7 " iy 10 7% var

x(s): teature vector of s
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SGD—Linear methods J
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Gradient of ¥ with respect to w: _
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To reduce VE(w), tweak w in a direction such that VE(w) is
reduced



SGD—Linear methods

Given loss function V E(w)) which consists of a sum of
individual losses: Z w(s)[ve(s) — v(s, w)]’

seS

1. Pickan s € S according to u
2. Find loss for that s: [v,(s) — 9(s, w)]?

3. Find gradient of individual loss w.r.t. w:
V{ve(s) — (s, w)]* = 2(v:(s) — (s, w))Vi(s, w)

4. Reduce individual loss by adjusting w in opposite direction

of gradient:

1
Wi 1 = Wi aV v (s) — (s, w)]* =

wi + (68, ) — 02 (8)]V0(5, ) = w, + ao(s,w) — ve(5))l)




