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Brief history of artificial neural nets

* The First wave
e 1943 McCulloch and Pitts proposed the
* 1958 Rosenblatt introduced the simple single layer networks now called
* 1969 Minsky and Papert’s book Perceptrons demonstrated the limitation of single
layer perceptrons, and almost the whole field went into hibernation
* The Second wave

* 1986 The for Multi-Layer Perceptrons was
rediscovered and the whole field took off again

 The Third wave

« 2006 (neural networks) Learning gains popularity
e 2012 made significant break-through in many applications



Biological neuron structure

* The neuron receives signals from their dendrites, and send its own
signal to the axon terminal
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Biological neural communication

* Electrical potential across cell membrane |
exhibits called potential

+40
* Spike originates in cell body, travels down axon,
and causes synaptic terminals to release
neurotransmitters

* Chemical diffuses across synapse to dendrites
of other neurons .

* Neurotransmitters can be excitatory or 70
inhibitory

* If net input of neuro transmitters to a neuron
from other neurons is excitatory and exceeds Time (me)
some threshold, it fires an

Voltage (mV)




Perceptron

* |Inspired by the biological neuron among humans and animals, researchers

build a simple model called
: »@ -0
Ewl;xl- L

s Lif X w.x:>0
i=0 0= { i=0 I 1

-1 otherwise

o(T1,...,Ty) =

1 ifwg+wiz1+ - +wpzr, >0
—1 otherwise.

* It receives signals x;’s, multiplies them with different weights w;, and
outputs the sum of the weighted signals after an , step
function



Neuron vs. Perceptron
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Artiticial neural networks

Layer

* Multilayer perceptron network

 Convolutional neural network

 Recurrent neural network
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FEATURE LEARNING CLASSIFICATION



Perceptron



Training

*w; < w; —n(o —y)x;
* y: the real label
* 0: the output for the perceptron

* 1: the learning rate

o(x1,...,Tn)
e Explanation
* If the output is correct, do nothing
* |f the output is higher, lower the weight
* |f the output is lower, increase the weight

n _l ’O
X W X; =
W% o:{ 1 ufizznwix,.m

-1 otherwise

if wg +w121+---4+wpx, >0

otherwise.



Properties

* Rosenblatt [1958] proved the training can converge if two classes are
linearly separable and 7 is reasonably small

H _| bC)
X owx; L

i ! Lif X w,x;>0
=0 0:{ i=0 i ]

1 otherwise

—1 otherwise.
-

1 ifwg+wizi+- -+ wpz, >0
axn): Class 2
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Limitation

* Minsky and Papert [1969] showed that
some rather elementary computations,

such as problem, could not be -
done by Rosenblatt’s one-layer T T “ m\. o
perceptron |

* However Rosenblatt believed the o0 @
imitations could be overcome if more
ayers of units to be added, but no T L
earning algorithm known to obtain 11 ~
the weights yet L L (05\\0 —



Solution: Add hidden layers

Bias

Input Layer Hidden Layer Output Layer .

’ v
Input ) &
signals |
- -
.

Variable - #1 . . Summing
junction
A m O_."
- Synaptic
weights

Variable - #2

Output

Variable - #3

Variable - #4

An example of a Feed-forward Neural Network with one hidden layer ( with 3 neurons )

* Two-layer feedforward neural network

; Xq O—b-
Activation
function

o—=()

¢(:) —

Output
Vi
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Demo

3 hidde neurons 6 hidde neurons 20 hidden neurons

_

* Large Larger Neural Networks can represent more complicated functions.
The data are shown as circles colored by their class, and the decision
regions by a trained neural network are shown underneath. You can play
with these examples in this ConvNetsJS demo.



http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html

Activation Functions



Activation functions

 Sigmoid: g(z) = 1+i-z
* Tanh: tanh(z) = ZZ;Z:Z

* ReLU (Rectified Linear Unity):
ReLU(z) = max(0, z)

Most popular in fully
connected neural network

N

Sigmoid Hyperbolic Tangent
Traditional /
Non-Linear 0 0
Activation
‘ -1 1
Functions 1 0 1 1 0 1
y=1/(1+e*) y=(eX-eX) /(e*+e*)
Rectified Linear Unit .
Exponential L
(ReLU) Leaky ReLU Xp ial LU
1 1 1
Modern
Non-Linear gt 0 0
Activation
Functions
-1 -1 -1

/—1 0 1 -1 0 1 -1 0 1
X, X209

Most popular in
deep learning

y=max(8, x) y=max(ax, x) y={u(ex-1) ']

a = small const. (e.g. 0.1)
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Activation function values and derivatives

Some Common Activation Functions Activation Function Derivatives
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Sigmoid activation function

* |ts derivative

* Sigmoid . o' (z) =a(2)(1-0(2))
o(z) = e Output range (0,1)

1+e72 : . :
* Motivated by biological neurons
and can be interpreted as the

a probability of an artificial
neuron “firing” given its inputs
o | * However, saturated neurons
| make value vanished (why?)
£ (£(FC)
| - —L—  £([0,1]) €[0.5,0.732)

» £([0.5,0.732)) < (0.622,0.676)




Tanh activation function

* Tanh function * Its derivative
sinh(z) e?—e™ tanh'(z) = 1 — tanh?(2)

cosh(z) eZ+e~Z *Outputrange (—1,1)

* Thus strongly negative inputs to
the tanh will map to negative
op o~ outputs

tanh(z) =

* Only zero-valued inputs are
; , _ mapped to near-zero outputs

* These properties make the
', network less likely to get “stuck”
during training




RelU activation function

Its derivative

* ReLU (Rectified linear unity)
function ReLU'(z) = {
ReLU(z) = max(0, z)

1 ifz>0
0 ifz<0

ReLU can be approximated by softplus function
fSoftplus(-T) — I'Dg(l + BI)

3 :
—Softplus * RelU’s gradient doesn't vanish as x increases
o} Rectifier * Speed up training of neural networks
* Since the gradient computation is very simple
®illy | * The computational step is simple, no exponentials, no
= multiplication or division operations (compared to others)

The gradient on positive portion is larger than
sigmoid or tanh functions

* Update more rapidly

|

-1t a j | 1 * The left “dead neuron” part can be ameliorated by Leaky
-3 -2 -1 0 1 2 E) RelLU 20




RelLU activation function (cont.)

e ReLU function
ReLU(z) = max(0, z)

|«— ) Y .
’—boflplus
| Rectifier

* The only non-linearity comes from the path
selection with individual neurons being active or
not

* It allows sparse representations:
» for a given input only a subset of neurons are active

Output

Hidden layer 2

Hidden layer 1

Input

Sparse propagation of activations and gradients

21



Multilayer Perceptron Networks



Neural networks

* Neural networks are built by connecting many perceptrons together,
layer by layer

N4

X @ /\
N7 Awge
55 A’(&V

<2

X A
| A‘§ 20 ,“\v

Na/ @A

Input Layer Hidden Layers

Output Layer
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number of neurons can approximate continuous functions

[

[

/

Hornik, Kurt, Maxwell Stinchcombe, and Halbert White.
approximators." Neural networks 2.5 (1989): 359-366

ny(x
na(x
n3(x
ng(x
ns(x

ne(z

R N

Z(x)

Relu(—5x — 7.7)
Relu(—1.2z — 1.3)
Relu(1.2x + 1)
Relu(l.2x — .2)
Relu(2x —1.1)
Relu(5x —5)

= —nq(z) — na(z) — ng(x)
+na(x) + ns(x) + ne(x)

Furchon Approximaiion
T T T

1-20-1 NN approximates
a noisy sine function

L

"Multilayer feedforward networks are universal

24



Increasing power of approximation

* With more neurons, its approximation power increases. The decision
boundary covers more details

3 hidden neurons 6 hidden neurons 20 hidden neurons

S @ @

e Usually in applications, we use more layers with structures to
approximate complex functions instead of one hidden layer with
many neurons



© Input Cell
O Backfed Input Cell
A Noisy Input Cell
. Hidden Cell
. Prabablistic Hidden Cell
. Spiking Hidden Cell
. Capsule Cell
. Output Cell

© Matchinput Qutput Cell

Common neuron network
structures at a glance

. Recurrent Cell

‘ Memory Cell
. Gated Memory Cell
Kernel

(O Convolution or Pool

Markov Chain (MC)

Perceptron (P)

Recurrent Neural Network (RNN)
- o o

Auto Encoder (AE)

Haopfield Network (HN)

A mostly complete chart of

Neural Networks

©2019 Fjodor van Yeen & Stefan Leijnen  asimovinstitute.org

Deep Feed Forward (DFF)

Feed Forward (FF) Radial Basis Network (RBF}

e®

Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
- o) ] - ] o)

>

.9,
:‘fﬂ;:? ‘}:{ W g il
/% WE

Sparse AE (SAE)

Boltzmann Machine (BM)  Restricted BM (REM) Deep Belief Network (DBN)

Deep Convolutional Netwark (DCN)

Deep Learning Neural Network

Simple Neural Network

_'|><|X|}<\>{\

Generative Adversarial Network (GAN)

LR
'f“tvf“hf‘}:g‘!'f“‘

Deep Residual Netwark {DRN}

Capsule Network {CN)

(O Hidden Layer @ Output Layer

@ Input Layer

_|:><_\><\><'|f><f'|:

=i

/3

0. 0 0O

Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

s P P o
O/Q\ - >S /Q\- O/Q\r
Y g o
\O/O\-- >_<--/O\ O/O\ .

e ANV ~A ~AE
\O/O\ >_< ~OT O
Y Yo e W Y Sl

o X0 ol

Echo State Network (ESN)

@

Neural Turing Machine (NTM)

&,

Attention Network (AN)

Fi

Extreme Learning Machine (ELM)

Differentiable Neural Computer (DNC)
o Qo o

a

Kohenen Network (KN)



Multilayer perceptron network

N/ OSZE7
s

W@ N\@AN

Input Layer Hidden Layers OutputLayer




Single / Multiple layers of calculation

* Single layer function Q
fo(x) = a(0p + 01x; + 0,x3) Q Q

* Multiple layer function
¢ hy(x) = 0(62 + 61x, + 01x,) @

* hy(x) = 0(65 + 67x1 + 05x3,)
O O
O O

* fo(h) = d(0g + 61hy + O,h;)



Training

Backpropagation



How to train?

* As previous models, we use gradient descent method to train the
neural network

e Given the topology of the network (number of layers, number of
neurons, their connections), find a set of weights to minimize the
error function

E[’LU = — td—od
deD

The set of
training Target
examples

30



Gradient interpretation

e Gradient is the vector (the red one) along which the value of the
function increases most rapidly. Thus its opposite direction is where
the value decreases most rapidly.

31



Gradient descent

* To find a (local) minimum of a function using gradient descent, one
takes steps proportional to the negative of the gradient (or an
approximation) of the function at the current point

* For a smooth function f(x) 9 ;

rapidly. So we apply

|s the direction that f increases most

Xt41 = X 77 Xt
| t+ t ax ( )
until x converges



Gradient descent

25+

oy Gradient

2[]\ ‘ ‘

%\‘\"\“\\\ ‘t““““:“::‘t VE[’(D'] = oL Ob e ok
RSN \\\\\l:\\““‘ “‘ﬁ“%: a’w[)’ 8’&)1’ 8'wn

AW = —nV E ]

OF _. Partial derivatives
are the key

33



The chain rule

* The in neural network model is that we only know the
target of the output layer, but don’t know the target for hidden and
input layers, how can we update their connection weights using the
gradient descent?

* The answer is the that you have learned in calculus
y=f(gx))
Y _ :
— =909’ )



Feed forward vs. Backpropagation

Input units

v =1(z)

4 = E Wia Yk
keH2

Y = 1(z)

Zy = E Wik,
J e HI

y; =1(z)

Z; = 2 W;i X;

i & Input

aE _ W dE
dY . 0z,
| £ out

dE _ dE AV,

4z, Ay, 0Z,

Compare outputs with correct
answer to get error derivatives

l l E}—E:}’r—tr

f.iy |

EJE :{T\IE {}J""}




Make a prediction

inputs labels

Input layer hidden layer output layer

Two-layer feedforward neural network

Feed-forward prediction:

h(l) = f(l) net( ) f(l)(Zw m f(r)) ﬂret( ) ijiljhgl)

= (21,..., %) h(l) > Uk

where netgl) = Z wf,-,l%xm netf) — Z F(c‘)j hu(?l)

J
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Make a prediction (cont.)

labels

input layer hidden layer output layer

Two-layer feedforward neural network

Feed-forward prediction:

. 1), (1
hﬁ” = f(l)(ﬂ-ﬁfffl)) = fayO %(lrzlffm) = fi( (net;”) Zwijhﬁ )
= (21,...,2m) - - hgl) L

J

37



Make a prediction (cont.)

. 1 1) 1)
inputs w; g, Mel M (2) outputs labels

Input layer hidden layer output layer

Two-layer feedforward neural network

Feed-forward prediction:

h( ) = f( ) net( ) f( ) Zw m - fq) nef f(r) Zu,kl)h 1)

z=(21,....,2Tm) > hgl) L

(1) (1) 2 1)
where net;’ = ij‘mxm nef;(r} — Z éjhg 38
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Backpropagation

inputs Wim (2) outputs labels

&

Input layer hidden layer output layer

Two-layer feedforward neural network

Feed-forward prediction:

Assume all the activation functions are sigmoid

Error function E = %Zk(yk — t;,)?

9E _ o,
oy, Tk Ttk

d I} 2 1 1
=y (net,g )) h} ) = y(1 - yk)h} )

(2)
awk'j

OF
> —(F = —(tx ~ Yy (1 - vi)ht
ow J
k,j
2 2 2), (1)
. = W,E,j) « WIEJ-) + n(S,E )hj 5}52)

Output of unit j

BV = faynetd) = fay (3 wihdm) v = foy(net?) = fioy (D w
m (1) J
h

(1), (1)
ki

= (21,..., %) >

where netgl) = Z wf,-‘l%:rm netf) = Z wZI Y

J

k,g""3
J

-

)

Yk
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Backpropagation (cont.)

(1) -net&l) hgl)

inputs Wim (2) outputs labels

Input layer hidden layer output layer
Two-layer feedforward neural network

Feed-forward prediction:

R = foy(mety)) = f(l)(zw om) = o net®) = f Z“‘“
1)
» b

Error function E = %Zk(yk — t;,)?

OE

— =Yk — g

oYk

5;52) = (tx — Vi)V (1 — yx)

o w® o W 1 s@p®

dyr )

ah§.1) =y (1 —y)w

oniY e 1 1)
D = fly (netf) xm = BP (1= ")

(')E 1 1
T = —h“( 1= hP) 2w (1 = 7071 = 1) 2

e h(l) z wB5® xp

1 1 1
S w® e w® 4 ys®y, §i5j(1)

J

\Ivhe re netgl) =3 wl) am net?) = }:j hgl)

» Uk
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e Error function E = %Zk(yk — ty)?

Backpropagation algorithms |+ 8% = e=vana -

¢ o w® cw® 4 ps@ D

L . o LS W@ (2) 5(2)
* Activation function: sigmoid 6" = n (1= hV) Zewi) 5

. (1) (1) (1)
= Wiy < Wiy + 775]- Xm

Initialize all weights to small random numbers
Do until convergence

* For each training example:
1. Inputit to the network and compute the network output
2. For each output unit k, oy, is the output of unit k

6 < 0 (1 — 0r) (& — 0)
3. Foreach hidden unit j, o; is the output of unit j

5] — 0](1 - O]) Z Wk,j5k

' kenext layer o
4. Update each network weight, where x; is the output for unit i

Wji < Wji + 106X



See the backpropagation demo

e https://google-developers.appspot.com/machine-learning/crash-

course/backprop-scroll/

42


https://google-developers.appspot.com/machine-learning/crash-course/backprop-scroll/

Formula example for backpropagation

Cutputs




Formula example for backpropagation (cont.)

o }—P
N 1. Calculate errors of output neurons

T ) 84 = outy (1 - out,,) (Target, - out,,)
/B\_. k _( k —_h;) 122) (?ref;, ) 8“: OUt[ﬁ (] _ Out[;) (Target[; _ out”)

N

: /\ ) 2. Change output layer weights
N o) WIPAQ = Waa + nNdy outy WTAB = W,\ﬁ + T]SB outa
\_/ Awy? = nError,Output, = &, W ge = Wpy + Nnd, outp W pg= Wgp + ndg outp

Wca= Weo + 18, out W ep= Wep + 1ndp out
3. Calculate (back-propagate) hidden layer errors

Consider sigmoid . 8= outa (1 —outa) (3 Wae+ 55Wap)
activation function Jsemeid™/ = = S =fu ‘(nerj—”)zrf,,wg? 3= outp (1 — outg) (8 Wpy + 35Wgp)
k d¢ = outc (1 —outc) (8Weo + 3gWep)

1
0.9}
08
0.7}
06}
0.5}

4. Change hidden layer weights

04 | WA= Wia+ ndaim Waa=Wga + ndain
02| | mrj.lf" =nErmor,Quiput,, = nox,, ."A_ i AT :.QA_ A N AT
0; | Wiis= Wi+ nogin;, Wiap=W s + ndping
0 o " B . } - i .
Wic= Wic+ndeiny Wiac=W gc +nocing

f 'Sz’gmor'd ('\) = j:S’fgmor'd (I)(l o f Sigmoid ("\)) e



Calculation example

* Consider the simple network below:

Input
A =035

'—"' Output

e Assume that the neurons have activation function and

* Perform a forward pass on the network and find the predicted output
* Perform a reverse pass (training) once (target =0.5) withn =1
e Perform a further forward pass and comment on the result



* For each output unit k, oy, is the output
of unit k

Calculation example (cont.) Sy < 01— 0tk — 00)

* For each hidden unit j, o; is the output of

Answer: unity
(i)
Input to top neuron = (0.35x0.1)+(0.9x0.8)=0.755. Out = 0.68. §; « Oj(l — Oj) z Wi, i Ok
Input to bottom neuron = (0.9x0.6)+(0.35x0.4) = 0.68. Out = 0.6637. '
Input to final neuron = (0.3x0.68)+(0.9x0.6637) = 0.80133. Out = 0.69. kenext layer
* Update each network weight, where x; is
(i) the input for unit j

Output error 5=(t-0)(1-0)o = (0.5-0.69)(1-0.69)0.69 = -0.0406.
Wi < Wj; +10;x;

New weights for output layer

wl' = w1+ x input) = 0.3 + (-0.0406x0.68) = 0.272392.
w2" = w2+(8 x input) = 0.9 + (-0.0406x0.6637) = 0.87305.

Errors for hidden layers: )
81 =38 x wl =-0.0406 x 0.272392 x (1-0)o =-2.406x10™
82= 86 x w2 = -0.0406 x 0.87305 x (1-0)0 =-7.916x10"

. . Input 0.1 .'/ \\\

New hidden layer weights: A =035 \ J~03
w3'=0.1 + (-2.406 x 107 x 0.35) = 0.09916. 08 " \/\
wd' = 0.8 +(-2.406 x 107 x 0.9) = 0.7978. | b Output
w5'=0.4+(-7.916 x 10” x 0.35) = 0.3972. 04, S
w6 = 0.6 +(-7.916 x 107 x 0.9) = 0.5928. put e %’

R N
(1i1)

Old error was -0.19. New error is -0.18205. Therefore error has reduced.
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Calculation example (cont.)

* Answer (i)
* Input to top neuron = 0.35 X 0.1 + 0.9 X 0.8 = 0.755. Out=0.68
* Input to bottom neuron = 0.35 X 0.4 + 0.9 X 0.6 = 0.68. Out= 0.6637
* Input to final neuron = 0.3 X 0.68 + 0.9 X 0.6637 = 0.80133. Out= 0.69
(i)
e Outputerrord = (t—0)o(1—0)=(0.5-0.69) X 0.69 X (1 —0.69) =—0.0406
* Error for top hidden neuron §; = 0.68 X (1 — 0.68) X X (—0.0406) = —0.00265
 Error for top hidden neuron §, = 0.6637 X (1 — 0.6637) X X (—0.0406) = —0.008156
* New weights for the output layer
* Wy =0.3-0.0406 X 0.68 = 0.272392

* Wy, =0.9-0.0406 X 0.6637 = 0.87305
* New weights for the hidden layer

« wy, = 0.1—0.00265 x 0.35 = 0.0991
« wyp = 0.8 —0.00265 x 0.9 = 0.7976

« w,, = 0.4—0.008156 x 0.35 = 0.3971
« W,z = 0.6 — 0.008156 x 0.9 = 0.5927

* Input to top neuron = 0.35 X 0.0991 + 0.9 X 0.7976 = 0.7525. Out=0.6797

* Input to bottom neuron = 0.35 X 0.3971 + 0.9 X 0.5927 = 0.6724. Out= 0.662

* Input to final neuron = 0.272392 X 0.6797 4+ 0.87305 X 0.662 = 0.7631. Out= 0.682
* New erroris —0.182, which is reduced compared to old error —0.19

For each output unit k, oy, is the output
of unit k

O < ok (1 — o) (tx — o)
For each hidden unit j, o; is the output of
unit j

5 < 0j(1-0) Z Wi,jOk

kenext layer

Update each network weight, where x; is
the input for unit j

Wi < Wj; +10;x;

Input 0.1 .r/ \
A=035 \ )03

08 " \7’ ™~

' — Output

0.4 YR ~ /
Input %"
B=09 0.6 /.

N4




More on backpropagations

* It is gradient descent over entire network weight vectors
* Easily generalized to arbitrary directed graphs

* Will find a local, not necessarily global error minimum
* In practice, often work well (can run multiple times)

e Often include weight momentum «
Aw; ;(n) « néjx; + alw;;(n — 1)
* Minimizes error over training examples
* Will it well to unseen examples?

can take thousands of iterations, !
network after training is very



An Training Example



Network structure

* What happens when we train a network?

* Example: Inputs

Outputs

50



Input and output

A target function:

e Can this be learned?

Input Output
10000000 — 10000000
01000000 — 01000000
00100000 — 00100000
00010000 — 00010000
00001000 — 00001000
00000100 — 00000100
00000010 — 00000010
00000001 — 00000001

51



Learned hidden layer

Input Hidden Output
Values
10000000 — .89 .04 .08 — 10000000
01000000 — .01 .11 .88 — 01000000
00100000 — .01 .97 .27 — 00100000
00010000 — .99 97 .71 — 00010000
00001000 — .03 .05 .02 — 00001000
00000100 — .22 .99 .99 — 00000100
00000010 — .80 .01 .98 — 00000010
00000001 — .60 .94 .01 — 00000001




Convergence of sum of squared errors

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

Sum of squared errors for each output unit

I T T T
I | N ———L "‘-“".‘“:‘-_=--".I;:=_-'-.'_L—f-.:='-;-3' :."-F:'—,Tu,:,‘:.;::.;:.l;.,;,—_:_,:,_,-__—r_i ;: *.;:".:-“:si:ﬂl:-';a'-ﬂ
500 1000 1500 2000 2500
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Hidden unit encoding for 01000000

= B D S S Tl i

_ _.__‘_._rszlr'l—";;_“”
— -
—
-

09 r
0.8 r
0.7 r
0.6
05 r
04 r
03 r
0.2
0.1

0 500 1000 1500 2000 2500



Convergence of first layer weights

Weights from inputs to one hidden unit

0 500 1000 1500 2000 2500
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Convergence of backpropagation

* Gradient descent to some local minimum
* Perhaps not global minimum
* Add momentum
e Stochastic gradient descent
* Train multiple nets with different initial weights

* Nature of convergence
* Initialize weights near zero
e Therefore, initial networks near-linear
* Increasingly approximate non-linear functions as training progresses



Expressiveness of neural nets

* Boolean functions:

* Every Boolean function can be represented by network with single hidden
layer

e But might require exponential (in number of inputs) hidden units

e Continuous functions:

* Every bounded continuous function can be approximated with arbitrarily
small error, by network with one hidden layer

* Any function can be approximated to arbitrary accuracy by network with two
hidden layers



Tensorflow playground

FEATURES + — 2 HIDDEN LAYERS

Which properties do
you want to feed in?

DATA

Which dataset do
you want to use?

+

4 neurons

W

K- D D
K- D D
Ratio of training to
#
test data: 50% {
— L}
Moise: 0 o by e
® E !‘-’l-c.-cr.es:s of the
7 lines.
Batch size: 10 This is the outnuf
—e from one
neuron /
I to see If larger.
REGEMERATE SINLA,

 http://playground.tensorflow.org/

OUTPUT

Test loss 0.537
Training loss 0.517

+_

2 neurons

p

Colors shows
data, neuron and ! I
weight values. . ¢

[ Showtestdata [] Discretize output
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Overtitting



Error

0.01
0.009
0.008
0.007
0.006
0.005
0.004
0.003
0.002

Two examples of overfitting

Error versus weight updates (example 1)
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Error versus weight updates (example 2)
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Avoid overfitting

* Penalize large weights:  E(@) = % Y S (tra—ona) th Y wk

deD k€outputs i,

* Train on target slopes as well as values:

2
. 1 ot do
o=t 5 [t 3 (35)]

deD k€outputs jEinputs

* Weight sharing
* Reduce total number of weights
e Using structures, like convolutional neural networks

* Early stopping
* Dropout



Applications



Autonomous self-driving cars

e Use neural network to summarize observatlon |nformat|on and Iearn
path planning




(cont.)
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A recipe for training neural networks

* By Andrej Karpathy
* https://karpathy.github.io/2019/04/25/recipe/

65


https://karpathy.github.io/2019/04/25/recipe/

