Nonlinear Function Approximation with Neural Nets'

1Sections 4.2: Yang&Ying



Nonlinear function approximation using neural networks

Nonlinear Function Approximation

Consider nonlinear function approximation parameterized by w, i.e. @(x, u; w) is an
estimate of Q(x, u). (x, u) is the input of the function and w are the weights.

TD Learning
Similar to TD learning with linear function approximation, we want to find w to
minimize

%E [(é(x, u;w) = r(x, u) — crmax Q' v; W)>1 .




Nonlinear function approximation using neural networks

TD Learning

Given an experience (X, Uk, rk, Xk+1), We

1 A A 2
Edi(w) = (Q(xk7 U, W) — g — & max Q(xkt1,V; W)) )

N =

The (improper) gradient is

1-~ A A A
§V5,%(W) = (Q(xk, U, W) — Ik — @ max Q(Xk+1,Vv; W)) V Q(xk, uk, w)
=0, (W) V Q(xk, Uk, w).




Nonlinear function approximation using neural networks

@ ry is from the sample
@ max, Q(ka, v; w) and Q(xk, uk; w) can be computed from the neural network.

@ Question: how to compute
Vi Q(Xk, uk; w)?
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Preliminaries:

@ A neuron is a nonlinear function which takes x € R as input and produce
o(x) e R.
x — o(x)

Examples:
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Figure: Sign function Figure: Sigmoid function



Nonlinear function

fx)=0

f(x)

f(x) =x

approximation using neural networks

f(x)
f(x) =x

f(x) = a*x

Figure: RelLU (Rectifier Linear Unit) and Leaky RelLU



A Single Neuron View

@ Vector input: o(w”x + b)

o(whz +b)

where b is the bias.

@ wlx+ b=0is a hyperplane, which divides the input space into two parts.
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Multilayer Feedforward Neural Nets

Layer-0 (input layer) Layer-1 Layer-2 (output layer)
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@(x,u; w)
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Fixing (x, u), Q(x, u; w) is a function of w. How to compute

aé(x, u; w) 5

0 Wiij




Multilayer Feedforward Neural Nets

Layer-0 (input layer) Layer-1 Layer-2 (output layer)
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OQ(x, u; w) _ 00(201) O0za1
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= 0’(221)}/11-

where zo1 = Wo11y11 + Woo1y12 + bo1. Note that zp; and y1; are computed using the
nn. ¢’(-) can be computed locally at the given neuron.




Multilayer Feedforward Neural Nets

Layer-0 (input layer) Layer-1 Layer-2 (output layer)

8©(X, u; w) _ 00 (221) 0221 Oy11 O0z11
owi11 0201 Oy11 0z11 Owiy

= 0'(z21)wo110"(211) you.

Note that z1; and yp; are computed using the nn (forward propagation). ¢/(z1) and
w11 can be obtained from layer-2 (backward propagation).




Deep Q-Learning

Layer-0 (input layer) Layer-1 Layer-2 (output layer)
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Deep Q-Learning

Given experience (x, u, r,x"), where x" is the next state,

aé(x, u; w)

W11l < w111 — 55(W) G




