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Artificial neural networks

. NN by
biological neural networks

+ ANN are powerful non-linear models

. aprice: the global
‘minimum of the error function

used in ML, Al Cog
ups and downs

Summer Semester 2026 + Currntly they arethe driving force behind the popular ‘de larning’
methods
The biological neuron Artificial and biological neural networks

Dendrite

+ ANNS are inspired by biological neural networks
twork

units

Despite differences:
biological networks

Recap: the perceptron

Recap: logistic regression
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Linear separability Can a linear classifier learn the XOR problem?
+ We can use non-linear bastsfunctions
Wo +wWixy +waxz + wad(xi,xz)
+ Adlassification problem s said tobe 10 o ‘ e

Hinearly separableif one can find a
linear discriminator

Ilknown counter example is
the logical XOR problem
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+ Choosing proper basis functions like xx is called feature engincering

Non-linear basis functions
solution inthe original input space

Non-linear basis functions
Solution in the 3D input space
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The solution to ~ « The additional basis
o & inction maps the problem
- 2ux—05 into3D
o + Inthe new, mapped space
52 (non-linear)discriminant | v mapped space,
0 o o e the points are linearly
o separable
i
v T N
. x
Where do non-linearities come from? Multi-layer perceptron
s e et i e,  nk ey th XOR prolem
Ina linear model,y = wo + W) + ... + Wi  The simplest modern ANN architecture iscalled mult-ayer perceptron
« The outcome is inearty-related to the predictors LY 2 T
+ The efects of the inputs are addiioe « The MLP s a feef percept
This is notalways the case units
+ Some predicorsaffectthe utcome n  non s way .U the units n an MLP use funce
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* same preditor et
not bad’ is not ‘not’ + “bad’ (e.g,, for sentiment analysis)



https://en.wikipedia.org/wiki/Neuron

Multi-layer perceptron Artificial neurons
hepiar
put Hdden  Output + The unit calculates a weighted sum
of the inputs
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x + resultis alinear transformation
= + a nonlinear activation function ()

applied to the result
« Outputis

Each unit takes a weighted sum of their input,
and applies a (non-linear) actication function.

y = flwx)

Artificial neurons Activation functions in ANNs
an cxample pidden units
2= « The activation functions in MLP are typically continuous (differentiable)
A common activation function is functions
x (was?) the logistic sigmoid function « For hidden units common choices are
__1 Sigmoid (logistic) 1
o = e r
« The output of the network becomes. 7{5 Hyperbolic tangent (tanh) £t
o
VST —’4 Rectified linear unit (rela) max(0,x)
Activation functions in ANNs MLP: a simple example

outputunits

« The activation functions of the output units depends on the task. Common
choices are
- For regression, the identity function (y =x)
- For binary classification, logistic sigmoid
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~ For multi-class cassification, softmax.
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MLP: a simple example Solving non-linear problems with ANNs
2 solution 1 XOR problem

« Alternatively, we can write the

computaions in matrx form i o
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+ This corresponds to a seriesof linear x:

ransormations ollowed by /<

clementwise (nonlinear) function N

applications
Solving non-linear problems with ANNs Solving non-linear problems with ANNs
 sluion s XOR problem < souton 9 XOR prblem
Solving non-linear problems with ANNs Solving non-linear problems with ANNs
 sluion s XOR problen < soluton s XOR prblem
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1 thisdifferent from non-linear basis functions?




Non-linear activation functions are necessary

Without non-linear activation functions, an ANN with any number of layers is
equivalent to  linear model
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Gradient descent: a refresher

. minimum of in small (but
not 5o small) steps
Wi w V(W)

-V the maximum

~ nis the learning rate
« The updates can be performed
bt fo the complte mining st
on-ine after every training instance
s s kmown s sclasic grdent desnt (SGD)
mini-batch after small fixed-sized batc

ANN objectives are not convex

Error functions in ANN training

depend on the task

Ew) =Y (yi—0:)?
« For binary classification, we use cross entropy
Eiw) == 3 uilogGs + (1 — i) log(1 — g)
« Similarly, for multi-class classfication, also cross entropy
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In practice, the ANN loss functions will not be convex.

Learning in ANNs

.+ ANN: e need thod:

(e, gradient descent) to train them

will find

« Typically

alocal minimum

« Optimization requires updating multiple layers of weights
I

o (or blame) toeach is ot trivial
o tothe last s R
)= y-97
We want a way o (efctently) update non-final weights based on fnal error
Calculating gradient on a neural network Backpropagation
(ithsomesmpilicaton)
+ We need to caleulate the gradient « Sofar it i just math
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£mi) + Buta natve implementation does many
We can use gradient descent direcly o impl y
25 and 3 1 sy they dono dependon ® repsed caluons
* Seand g e « Bpropapson s anticn (dymamic
! programiming) algorthm that avolds
+ We factor others using chain rule N ot
o _owar | or_owor + Backpropagation works or any computtion
%~ da ot E T raphwithout ccles

Preventing overfitting in neural network

« Asin linear models, we can use L1 and L2 regularization by adding a
regularization term to the error function (known as weight decay). For
example,

J(w) = Efw) + W]

« There are other ways to fight overfitting.

training ertor
- With hall

training
- Injecting noise at the output, as a way o (implicitly) model the noise n the
target classes/values

How many layers, units

« A network with single hidden layer s said to be @ universal approviniator: it can
[ with P

- H i y a ly
used in modern ANN models

+ The choice of layers, in general the architecture of the system, depends on the
application

Abit of history

1950-60 AN (perceptron) became popular:
of excitement in Al, cognitive science
19705 Not much interest
- crticsm on perceptron: linear separability
19805 ANNs became popular again
chpropagatonalgritm
malldager et
1990 ANN had again falln out o shion’

present. ANN (again) enjoy a renewed populariy with the name ‘deep learning’

Summary
+ ANN are powerfulnonlinear learners
o ot o S

~ using many simple ing
bl on neat ol (ot egrsson)

o B e ST e
one hidden

o ey regression and classification

« In general, ANN loss functions are not convex, what we find is a local

« They (typically) are trained with backpropagation algorithm
+ Reading: Jurafsky and Martin (2026, Chapter 7)

Next:
+ Models for sequential data, reading; Jurafsky and Martin (2026, Chapter 17)




Additional reading, references, credits (cont.)

Additional reading, references, credits

« Hastie, Tibshirani, and Friedman (2009, Chapter. 11) also includes an

accessible introduction
« Fora review of use of ANNs in NLE, including more advanced topi

Goldberg, 2016

References & further reading

B Goldberg, Yoav (2016). A primer on neural network modes for natoral
language processing’”. | 57,
pp. 34

The Elementsof

B Hastie, Trevor, Robert Tibshirani, and Jerome Friedman (2009
Statistical Learning: Data Mining, Inference, and Prediction. Scc
http://ueb. stanford. edu/-hastie/ElenStatLearn/
Jurafsky, Daniel and James H. Martin (2026). Speech and Lariguage Processing:
An Introduction to Natural Language Processing, Computational Linguistics, and
‘Speech Recognition with Language Models. 3
2 ttps://uweb. stantord. edu/-Juratsky/s1p3
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http://web.stanford.edu/~hastie/ElemStatLearn/
https://web.stanford.edu/~jurafsky/slp3/
http://web.stanford.edu/~hastie/ElemStatLearn/
https://web.stanford.edu/~jurafsky/slp3/
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