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Example:
Shallow

autoencoders

Figure 1.4: A Venn diagram showing how deep learning is a kind of representation learning,
which is in turn a kind of machine learning. which is used for many but not all approaches
to ALl Each section of the Venn diagram includes an example of an Al technology.
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Have the notes in the slides as well






Ypred — W' X

MSErese =  Iyfest — y&st]

pre



. VwMSE¢rain =0
— Vw Elyggldn — YtrainM SEtrain =0

1

— Vw E‘Xtrain — Ytrain| =0

T~T T T —
— vW (W Xtralnxtl’alnw 2W Xtralnytraln + ytrainytrain) =0

— 2><';rra|n><tra|nW 2Xtra|nYtra|n =0

(Xtralnxtraln) 1Xtramytram















Il

1 _ :
J(O) = Exy paaa LY, 0) = — > LD, yD,0)
=1

L(x,y,0) = —logp(y|x; 0)



mi

1 _ -
Vpd(0) = — > VoL (x®,y®, 6)
=1




Axon
terminals
Myelin sheath

Dendrites

Cell nucleus




wj = w;j +n(y® — gO)x"



anut(l)




Based on Python Machine Learning - Sebastian Raschka
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Otherwise just approach me at any time or send me an email.
p.hallsjo.1@research.gla.ac.uk













See more in for instance the deep learning book.



























Have the notes in the slides as well





































































s(t) = (z * w)(¢)

Figure 9.1: An exampls of 2-D convalation without kerazl-Hfiipping, I this case we restrict
thi outat to only peeitions where the zamne. lies entirely within tho inage, celled “valid”
vuisuletenis i some conbeads, We drew Doxes with a2nows Wwoadivste how e upper-leil
plement of the cutpul wemsor iz Jormed by applying the koamel Lo cho correcponding

npper-left regan of the frpad terser










Otherwise just approach me at any time or send me an email.
p.hallsjo.1@research.gla.ac.uk































Predicting human pose in 3D using any camera



Youtube series, discussing ML.



Apply neutral nets to Super Mario


















Otherwise just approach me at any time or send me an email.
p.hallsjo.1@research.gla.ac.uk







