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Deep Learning - Basics
Artificial Neural Networks

input layer
hidden layer 1 hidden layer 2

Consists of one input, one output and multiple fully-connected hidden layers in-
between. Each layer is represented as a series of neurons and progressively exiracts
ligher and higher-level features of the input until the final layer essentially makes a
decision about what the input shows.
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Deep Learning - Basics

The Neuron

impulses carried I _t:ﬂ
*@ synapse

toward cell body axon from a neuron

branches wWoT(
dendrites f‘fl lf fg} of axon

Y \:;I\a’ 7 cell body f( o -+-!;)
“\&_Jk_/*—ﬁ‘-‘f Caon >ax0n Al S wizi +b Z '
nUGIEUE e terminals : e output axon

?ﬁ{_\ activation

impulses carried § function

away from cell body Watz
cell body

An artificial neuron contains a nonlinear activation function and has several

incoming and outgoing weighted connections.

Neurons are trained to filter and detect specific features or patterns
((l)) (e.g. edge, nese) by recewmg weighted input, transformmg it with
the activation function und passing it to the outgoing connections.
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Deep Learning - Basics

Non-linear Activation Function

= sigmoid
thanh

e Most deep networks use RelU -
softplus

g L ......................................... maX(O,X) . I’"IDWEIdE]}-’S for hidden

: : layers, since it trains much faster, is
more expressive than logistic
function and prevents the gradient
vanishing problem.

Non-linearity is needed to learn complex (non-linear)
u representations of data, otherwise the NN would be just a
linear function.
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NON-LINEAR ACTIVATION FUNCTION
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= sigmoid
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Deep Learning - Basics
The Training Process

I.E' Forward it trough

the network to get
Sample labeled data predictions

Update the Backpropagate
connection weights the errors

Learns by generating an error signal that measures the difference between the
predictions of the network and the desired values and then using this error signal
to change the weights (or parameters) so that predictions get more accurate.
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Deep Learning - Basics

Gradient Descent

—_—  S5GD
——  Momentum
—  NAG
— Adagrad
Adadelta
4 Rmsprop
2
0
-2
-4

1.0

—=0.5

Gradient Descent finds the (local) the minimum of the cost function (used to
calculate the output error) and is used to adjust the weights.
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Deep Learning - Basics

Deep Autoencoders

Encoding DBN Decoding DBN

Composed of two symmetrical
deep-belief networks. The encoding
network learns to compresses the

ouput  INPUt to @ condensed vector
(dimensionality reduction). The
decoding network can be used to
reconstruct the data.

Input

O
|

Compressed
Feature Vector

@e9®
OO0

X X

1 X X

000 e®

O
O
O
O
O

Topic Modeling: Document in a collection is converted to a Bag-of-
Words and transformed to a compressed feature vector using an
autoencoder. The d|5tance from every Dther document—vector can be
measured and nearby document-vectors fall under the same topic.
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Deep Learning - Basics

Convolutional Neural Nets (CNN)

Convolutional Neural Networks learn a complex representanon of wsual data

using vast amounts of data. They are inspired by the human visual system and
learn multiple layers of trans ":::-'a"r::;; 5, which are applled on mp of each other to
extracta progresswely more sophist e:.z.-ae._! representation of the inpuf

OOOO0OH!
olo/o/o/e! nglimmn
@0...* probabilities

[1x1x1000]

/ depth
' A-Tifif--’i height

image
[224x224x3]
Ever;»r Iayerofa CNN t a 3D volume of numbers and outputs a 3D volume of

wmbers. E.g. Image s a 2‘24*224*3 (RGB) cube and WI|| be transformed to
1*1000 vector of probabilities.
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Deep Learning - Basics
Convolutional Neural Nets (CNN)

13 \
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Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fc8: Object Classes

Convolution layer is a feature detector that automagically learns to filter out not
needed information from an input by using convolution kernel.

Pooling layers compute the max or average value of a particular feature over a
region of the input data (downsizing of input images). Also helps to detect
objects in some unusual places and reduces memory size.
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CONVOLUTIONAL NEURAL NETWORKS (CNN)
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Deep Learning - Basics

Recurrent Neural Nets (RNN)

one to one one to many many to one many to many many to many

i T T T T

il R BiGR  SEREE  (

RNNs are general com — which can learn algorithm: Ap input
sequences to output sequen (ﬂemble S|zed vectors) The output

vector's contents are mfluenced by the entire history of inputs.

State-of-the-art results in time series prediction, adaptive robotics,

— handwntmg recognition, image classification, speech recognition,

m—_ stock market prediction, and other sequence learning problems.
Everything can be processed sequentially.
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Deep Learning - Basics

Long Short-Term Memory RNN (LSTM)

MET QUTIMUT

| OUTPUT GATE

A Long Short-Term Memory (LSTM) network is a
particular type of recurrent network that works

slightly better in practice, owing to its more
powerful update equatron and some appealing
back propagation dynamics.
The LSTM units gwe the network mem: vith read, write
nd reset operations. During training, the network can Iearn when

'|t should remember data and when it should throw it away.

Well-suited to learn from experience to elassify, process
f'\) and predrct trme series when there are very long time lags of

unknown size between important events.

_______



Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

S50 guas gladsad
SYsb aesli < gabidla S350 ae slais
LONG SHORT-TERM MEMORY RNN (LSTM)

MET QUTIPLT

| OUTPLUT GATE

(LSTM) oY ob ol S pabiila saSod S
S ol AEK50 sladas 5 pald p 8 S
! ‘A;SLF'O J‘S J:LG_) UAS d,n.c. o4
9 OT Saiec 503 (s 5luwaliady sadolas : Julods
O o9 Ll ey Clla Saelivg win

FORGET QATE

[NPFUT GATE

MET [MPLT

LAy e |, (reset) slassl g (write) ois s (read) oul s elilae o<l
S 395055 0l Wl 55 e 4o ¢ 5 50T a0
09 L oTwb Sled aa s usslu sblad ) Lasals Wb Sl 4a

slaslas g o ‘AJ.‘LAL\ soslasl b GJYJJO olas (lag) uS/..\.\Lauﬁ.c. slagle)y sl ol g_;..l.ul_\.b

@ cPled LA s (S 5 GBI (il 5o a5 5l S ub 65y [LSTM (gesu
A..‘I:Ls Gl S5 pe

L]
’U};b/



Deep Learning - Basics

Recurrent Neural Nets (RNN) — Attention Mechanisms

by ent423 ,ent261 correspondent updated 9:49 pmet ,thu
march 19,2015 (ent261) aent1 14 was killed ina parachute

by ent270 ,ent223 updated9:35 amet ,monmarch2,2015

( entz.n familial for fall at its fashion show in

accidentinent45 ,ent85 ,nearent312 ,aent1189 official told
ent261 onwednesday . he was identified thursday as
special warfare operator 3rd c.,nf ent187 ,
ent265 ."" ent23 distinguished himself consistently
throughout his career .he was the epitome of the quiet
professionalin all facets of his life ,and he leaves an

inspiring legacy of naturaltenacity andfocused

ent231on sunday ,dedicatingits collectionto " mamma™
with nary a pairof ™ mom jeans "insight .ent164 andent21,
who are behindthe ent196 brand . sent models down the
runway indecidedly feminine dresses andskirts adorned
with roses ,lace and even embroidered doodles by the
designers ' own nieces and nephews .many of the looks

featured saccharine needlework phrases like " ilove you,

ent119 identifies deceased sailor as X ,who leaves behind

awife

X dedicated their fall fashion show to moms

Attention Mechanisms are loosely based on the visual attention mechanism
found in humans. In RNNs the model learns what to attend to based on the

input sentence and what it has produced SO far The output

-

On a wel | 11ed

.-Z"" M I tion of _|| L |'_| I Yut

R TS |
"'."l."'_[ |,|-\

states, notjust the last state.
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ATTENTION MECHANISMS

by ent423 ,ent26 1 correspondent updated 9:49 pmet , thu
march 19,2015 (ent261) aent1 14 was Killedina parachute
accidentinent45 ,ent85 ,nearent312 ,a ent119 official told
ent261onwednesday .he was identified thursday as
special warfare operator 3rd c.,nf ent187 ,
ent265 . ent23 distinguished himself consistently
throughout his career .he was the epitome of the quiet
professionalin all facets of his life ,and he leaves an

inspiring legacy of naturaltenacity andfocused

by ent270 ,ent223 updated 9:35 amet ,monmarch2 ,2015

( en' familial for fall at its fashion show in

ent231on sunday ,dedicatingits collectionto ™ mamma"
with nary a pairof ™ mom jeans "insight .ent164 andent21,
who are behindthe ent196 brand , sent models down the
runway indecidedly feminine dresses and skirts adorned
withroses ,lace and even embroidered doodles by the
designers 'own nieces and nephews .many of the looks

featured saccharine needlework phrases like " ilove you,

ent119 identifies deceased sailor as X ,who leaves behind

awife

X dedicated their fall fashion show to moms
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Deep Learning - Basics
Transformers

Output
Probabilities

Key Components of Transformers

MNx The Decoder

The Encoder
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Deep Learning - Basics
Generative Adversarial Networks

Generator Discriminator

Real
FG Example

Generative Adversarial Networks (GANs) consist of any two networks with one tasked
to generate content and the other has to judge content. The discriminating network
receives either training data or generated content from the generative network and
tries to predict the data source (real or fake). This creates a form of competition
where the discriminator is getting better at distinguishing real data from generated
data and the generator is learning to become less predictable to the discriminator.
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Deep Learning - Basics

Differentiable Neural Computer

Controller

Output

R E

l Read
' Read

*

Input

Differentiable Neural Computer is a hybrid learning machine combining neura
networks with read-write memory. They learn how to use memory and how to
produce answers completely from scratch. This learning machine is able, without
prior programming, to organize information into connected facts and use those
facts to solve problems.
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Deep Learning - Basics
Natural Language Processing — Embeddings

© .i
Came.ra/
\ SealWorld
Forpc:vi‘.se dﬁtth

Embeddings are used to turn textual data (words, sentences, paragraphs) into high-
dimensional vector representatlons and group them together W|th semanncally
similar data in a vectorspace. e. Thereby, computer can detect similari
mathematica |;, :
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NATURAL LANGUAGE PROCESSING — EMBEDDINGS
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Deep Learning - Basics

Natural Language Processing — Word2Vec

Word2Vec is an unsuperwsed learning algorithm for obtaining ve
representations for v ;. These vectors were trained for a spemﬂc domain on
a very large textual data Set GloVe is a better performing alternative.
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't detects similarities mathematically by grouping the vectors of similar words together.
All it needs is words co-occurance in the given corpus.
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Deep Learning - Basics

Natural Language Processing — Word2Vec

FRANCE JESUS XBOX REDDISH  SCRATCHED  MEGABITS
AUSTRIA GOD AMIGA GREENISH NAILED OCTETS
BELGIUM SATI PLAYSTATION BLUISH SMASHED MB/S
GERMANY CHRIST MSX PINKISH PUNCHED BIT/S
ITALY SATAN IPOD PURPLISH POPPED BAUD
GREECE KALI SEGA BROWNISH CRIMPED CARATS
SWEDEN INDRA  PSNUMBER  GREYISH SCRAPED KBIT /S
NORWAY VISHNU HD GRAYISH SCREWED  MEGAHERTZ
EUROPE ANANDA  DREAMCAST WHITISH SECTIONED MEGAPIXELS
HUNGARY PARVATI GEFORCE SILVERY SLASHED GBIT /S
SWITZERLAND GRACE CAPCOM YELLOWISH RIPPED AMPERES
given
WOMAN -
/r AUNT
/7 Woman — Man =Aunt - Uncle
MAN taken :
UNCLE ake King - Male + Female = Queen
- Human - Animal = Ethics

KING $unk
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Deep Learning - Basics

Natural Language Processing — Thought Vectors

Thought vectors is a way of embedding thoughts in vector space. Their
features will represent how ez other thoughts.

ich thought olVle

e | s e e
f':'|-:_‘.! Eo LU

Convert every sentence in a document to a though vector, in a way that
similar thoughts are nearby You can do basic natural reasoning by learning
to predict next thoug ght vector based on a sequence of previous thougnt
vectors. Thereby, by readmg every document on the web, computers might
be able to reason like humans do by mimicking the thoughts expressed in

content.

A neural machine translation is trained on bilingual text
- using a encoder and decoder RNN. For translation, the input
—l sentence is transformed into a thought vector. This vector is
used to reconstruct the given thought in another language.
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NATURAL LANGUAGE PROCESSING — THOUGHT VECTORS
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Deep Learning - Basics
Usage Requirements

[

Large data set with good quality (input-outout mappings)
'@' Measurable and describable goals (define the cost)

{E]: Enough computing power (AWS GPU Instance)

. Excels in tasks where the basic unit (pixel, word) has very little
leeee. meaning in itself, but the combination of such units has a useful
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DEEP LEARNING USAGE REQUIREMENT
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