
Intuition

Neural Networks are great for estimating behaviour of un-
known input on base of training data. They can be thought
of as Linear (or Logistic) Regression with adaptiv feature
selection, what makes them more suitable to describe the
problem. Structure and adaptivness of Neural Networks re-
semble the human brain, therefore they are often compared
to processes running in our brains.

This flyer will introduce you to working with Neural Net-
works and coding the fundamentals in Octave. With this
you will be able to run more sophisticated algorithms us-
ing e.g. Octave’s Neural Network Package 1. Besides the
following topics are covered:

- Understanding the network architecture

- Calculating results with Forward Propagation

- Setting up cost functions for multiclass networks

- Calculating weights with Back Propagation

- Initialization and suggested defaults

Neural Networks are a way of supervised learning (i.e.
learning from training data with known result), as is Lin-
ear (or Logistic) Regression. To get the whole picture we
encourage you to also read the Linear Regression Flyer.
Choosing one over the other is mainly a question of com-
putational cost and accuracy. While Regression is cheaper,
Networks are often more precise. For further reading on
Neural Networks you can use Google or one of these sites
as a starting point:

- Wikipedia 2

- Machine Learning @ The Standford OpenClassroom 3

- NN FAQ from comp.ai.neural-nets 4

The flyer can be distributed free of charge, as long as it is
not altered in any way. If you have questions or comments
contact the flyered science project.

fsadmin@flyered-science.org

1http://www.plexso.com/61_octave/index.html
2http://en.wikipedia.org/wiki/Artificial_neural_

network
3http://openclassroom.stanford.edu
4ftp://ftp.sas.com/pub/neural/FAQ.html
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Numerical Solution (in Octave)

Like in Linear Regression we will use a numerical solver
to compute Θ(l). We already defined the cost function and
the gradients needed, to pass it along with an inital guess of
parameters to a suitable linear solver.

The procedure needs the cost function parameters to be vec-
tors. Therefore the weight matrices T heta(l)ji have to be "un-
rolled" to a vector, to pass it along, and then "reshaped"
again before calculating cost and gradient:

ThetaVec = [ The ta1 ( : ) ; The ta2 ( : ) ; . . .

f u n c t i o n [ J , g r ad ] = neura lCF ( ThetaVec . . .
The ta1 = reshape ( ThetaVec ( 1 : s i z e L 1 * . . .

( s i z e L 0 + 1) , s i zeL1 , s i z e L 0 +1)
( . . . )

endfunc t ion

With an initial T heta(l)ji you calculate the forward propa-
gation al = sigmoid(al−1Θ′l). (With optimized Θ(l) this is
how the network is used later on.

Cost function and gradients are then summed over all test
samples, as explained before. The gradient sum in Octave
can be written as follows:

%compute b a c k p r o p a g a t i o n
d e l t a _ o u t p u t = a2 ( c o u n t e r , : ) − yvec ;
d e l t a _ h i d d e n = ( d e l t a _ o u t p u t * The ta2 ) . . .

. * ( ( a1 . * (1−a1 ) ) ( c o u n t e r , : ) ) ;

%sum g r a d i e n t s
T1grad = T1grad +( d e l t a _ h i d d e n ( 2 : end ) ’ . . .

. * X( c o u n t e r , : ) ) ;
T2grad = T2grad +( d e l t a _ o u t p u t ’ . . .

. * a1 ( c o u n t e r , : ) ) ;

One can the optimize Θ using the cost function with fmin-
unc as depicted in Linear Regression flyer (Math.1).
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Neural Networks
An introduction to representation and algorithm,

with implementation in Octave

The Flyered Science Series provides condensed
factsheets on scientific topics. Persons new to
the subject will find the intuitive introduction
with links to further reading quite useful, while
the experienced user benefits from the struc-
tured representation, formulary and implemen-
tation examples. Fits into every pocket, serves
perfectly as bookmark in your textbooks.

(c) 2014, Leaflet Math.2
www.flyered-science.org

http://www.plexso.com/61_octave/index.html
http://en.wikipedia.org/wiki/Artificial_neural_network
http://en.wikipedia.org/wiki/Artificial_neural_network
http://openclassroom.stanford.edu
ftp://ftp.sas.com/pub/neural/FAQ.html


Theory

ForwardPropagation

Neuralnetworksareusedtoestimatetheresulty=h(Θ)(x)
ofunknownxonbaseoftrainigdatax(i)withknownre-
sulty(i).Theproblemiscomparabletolinear(orlogistic)
regression.Insteadofcalculatingtheresultydirectlyfrom
featuresx,theneuralnetworkintroduces(hidden)layers
withadaptivfeatures(activations)a

(l)
j,thatarecalculated

fromthepreceedinglayerusingtheweightmatrixΘ(l−1).

Figure1:Neuralnetworklayoutwithonehiddenlayer.

Inputandhiddenlayer(s)cancontainaconstantoffset(bias
term)a

(l)
0=1.GivenLdifferentlayers(i.e.L−2hidden

layers)theoutputlayerhypothesish(Θ)=a(L)iscalculated

frominputactivationsa
(0)
i=xiconsideringtheweightma-

trixΘandtheactivationformularg(ΘTa).Thisiscalled
"ForwardPropagation".

Inthisflyerweusethesigmoidfunctionasactivationfor-
mular,i.e.g(ΘTa)=1

1+exp(−ΘTa).Thisiscalles"Logistic
Unit".Usinga"LinearUnit"(i.e.weightedsum),astep
functionoralinearcombinationisstraightforward.

WeightMatrices

WenowdiscusshowtoderivetheweightmatrixΘfroma
trainingsetoflabeleddata(knownresult)(x(i),y(i)).Sup-
posethatactivationa

(l−1)
iinlayerl−1contributestoac-

tivationa
(l)
jinlayerlwiththeweightΘ

(l−1)
ji.Thisyields

a
(l)
j=g((Θ

(l−1)
j)Ta(l−1)),asshownbelow.

Figure2:Calculatingactivationsinneuralnetworks.

Likeinlogisticregression(seealsoflyerMath.1)acost
functioniscalculatedforthetrainingset,thatconsidersre-
sultsy(i)andhypothesish(Θ)(x(i))fromForwardPropaga-
tion.WithmtrainingsetsandKclassesintheoutputlayer
thecostfunctionJthenbecomes

J(Θ)=−
1
m

m

∑
i=1

K

∑
k=1

y
(i)
klog(h(Θ)(x

(i)))
k

+(1−y
(i)
k)log(1−h(Θ)(x

(i)))

+
λ

2m

L−1

∑
l=1

ni

∑
i=1

nj+1

∑
j=1

(Θ
(l)
ji)2

Thefirsttermappliesforresultsy(i)=1andiszero,when
thehypothesismatchestheresult.Thesecondtermapplies
forresultsy(i)=0inthesamemanner.Thethirdtermis
calledtheregularizationterm,whichpreventsoverfitting
(i.e.smallΘsarepreferred,seealsoflyerMath.1).

Theobjectivistosolvemax
Θ

J(Θ)foranoptimalsetof
weightmatricesΘ(l).Thisisdoneby"Backpropagation"
ofthedeviationsbetweenresultandhypothesis.

Backpropagation

TheideaofBackpropagationistoconsiderdeviationsof
thetrainednetworkhypothesisfromtherealresult.Tofind
theoptimalsetofΘ(l),thedeviationshavetobeminimized.
IntheoutputlayerLthedeviationiscalculatedas

δ
(L)
j=a

(L)
j−yj

Thedeviationcanbepropagatedbackthroughthenetwork
usingthefollowingequation:

δ
(L−1)=(Θ

(L−1))Tδ
(L).∗g′(Θ(L−1))Ta

(L−1))

The.∗operatormeanselementwisemultiplication.Without
consideringregularization(i.e.λ=0)thedeviationofthe
activationfunctiongcanbewrittenas

g′(Θ(L−1))Ta
(L−1))=a

(L−1).∗(1−a
(L−1))

Thetaskistocomputeallδ(l).Remember:Theinputpa-
rametersintheinputlayerhavezerodeviation:δ(0)=0.
Consideringonlyonetestexamplethegradientscanbe
computedfromthis:

∂

∂Θ
(l)
ji

J(Θ)=a
(l)
jδ

(l+1)
j

Consideringthewholetestset,thedeviationsarethenthe
sumofalltestsetcontributions:

∆
(l)
ji=

m

∑
i=1

a
(l)
iδ

(l+1)
j

Thegradientcalculatesaccordingly:

∂

∂Θ
(l)
ji

J(Θ)=
1
m

∆
(l)
ji+λΘ

(l)
jiforj6=0

=
1
m

∆
(l)
jiforj=0

(Remember:Thebiastermsj=0arenotincludedinreg-
ularization).Followingthegradientsusinganoptimization
algorithmthenyieldstheoptimalsetofΘ(l)forthegiven
trainingset.
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