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The Network Isa Funetlon

Or the “black box” o

* Speech Recognition

£l i )= “How are you”
* Image Recognition
f( ): “Cat”
* Playing Go o
f( ): 2™ (next move)
* Dialogue System

£( “Hi” )= “Hello”

(what the user said)  (system response)

e Radiative kernels:

f ( meteorological variables ) = TOA radiation flux
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e More generalized form:
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From Neuron to Network

e Linear Regression

e Combination or composition of perceptrons
can represent more functions
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e Logistic Regression

Input features

input laver

(784 neurons)

N : : :
9 = logistic(b + Wy - xq + Wy, - Xy, ) ‘

1 : + -

1+exp[—(b+ Wy -x1 + Wy - x)] .. N K

e Mult1 Layer Perceptron

hidden layer

(nn = 15 neurons)

1L

e

oy =

/"f_- — .
e =
= LD —Z

R -

&2 7 =

oy

S

= v - \-q\ -
N T

SR

o —
-c:é SN » \

S S =
e -
—— -
—~ AN X
— =
\\
\\
. s
™~ N
~

output laver

0

(]



Universal Approximation Theorem
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, , , e Arbitrary-width case: sufficient nodes
a three-level MLP with one hidden layer can approximate

any bounded continuous function with enough samples,
appropriate weights, and suitable number of the hidden nodes

e Arbitrary-depth case: deep network

e But how many nodes?

Table 1: A summary of known upper/lower bounds on minimum width for universal approximation.
In the table, K C R% denotes a compact domain, and p € [1,00). “Conti.” is short for continuous.

Reference Function class Activation p Upper /lower bounds
A P‘ . L (R%,R) RELU dy + 1 < Woin < dy + 4
] Hanin and Sellke (2017) C(K,R%) RELU de +1 < Wmin < dg + dy
h Johnson (2019) C(K,R) uniformly conti. Wmin > dy + 1
! h,, C(K,R%) conti. nonpoly* Wmin < dg +dy + 1
] m Kidger and Lyons (2020) C (K, Rdy) nonaffine poly Wmin < dg + dy + 2
> X LP(R% Rv) RELU Winin < dg +dy + 1
1 =4 (X) Ours (Theorem 1) LP(R% R%) RELU Wmin = max{d; +1,dy}
Ours (Theorem 2) C([0, 1], R?) RELU Wmin = 3 > max{d; +1,d,}
T ) Ours (Theorem 3) C(K,R%) RELU+STEP Wi, = 0GR Oy 47 1 @y
\ ) 1 2 X .\ Ours (Theorem 4) LP(K,R%) conti. nonpoly* | wpin < max{d, + 2, dy + 1}
N/ -1 é
J2) X h X h,, \'
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How to determine the weights?

e update the weights whenever the outputs are wrong



Learmng the Parameters

Update the Welghts Whenever the outputs are Wrong

e Minimize the divergence/"Loss"

(s +1) = p(s)—Ix 2,
Blue lines: error when Black lines: error when P Pi3 5p
function is below desired function is above desired
output output e More frequently used form:
| |
TAT JError
E= ) (d;— f(x;, W))* ?@— W, [ ( oW, )

- e Visualization for the 2-dim case
» Define a/divergencebetween the actual network output
for any parameter value and the desired output

— Typically L2 divergence or KL divergence

e Mean Square Error used in this paper

E(s) = XZN 0 (9)-1)’, )




e Data normalization

X =

2X

Z—min(Z)

max(Z)— min(Z)

Further Noteworthy

—1.

e Sampling problem: size of dataset, extrapolation

Sampling the function

&

d

e QOverfitting and early stop







