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THE UNIVERSAL MACHINE-LEARNING WORKFLOW
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Defining the problem and assembling a dataset

CA:&'é oyl o 9L$.'3.Bl
Choosing a measure of success

\

e>yluis) [ byl JSS g 1 390 3 (S Spsanad

Deciding on an evaluation protocol/ Validation

\

(il yla yo siile) Lrsula (s jluoulsi
Preparing the data (e.g. Vectorization)

S Jas auly Jas S 3 53 45 Jis S (54 s
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Scaling up: developing a model that overfits
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DENSELY CONNECTED NETWORKS: BINARY CLASSIFICATION
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from keras import models

from keras import layers

model = models.Sequential()

model.add(layers.Dense(32, activation='relu', input _shape=(num_input_features,)))
model.add(layers.Dense(32, activation='relu'))

model.add(layers.Dense(1l, activation='sigmoid'))
model.compile(optimizer="rmsprop', loss='binary crossentropy')
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DENSELY CONNECTED NETWORKS: SINGLE-LABEL CATEGORICAL CLASSIFICATION
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model = models.Sequential()

model.add(layers.Dense(32, activation='relu', input _shape=(num_input_features,)))
model.add(layers.Dense(32, activation='relu'))
model.add(layers.Dense(num _classes, activation='softmax'))
model.compile(optimizer="rmsprop', loss='categorical crossentropy')
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DENSELY CONNECTED NETWORKS: MULTIPLE-LABEL CATEGORICAL CLASSIFICATION
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model = models.Sequential()

model.add(layers.Dense(32, activation='relu', input _shape=(num_input_features,)))
model.add(layers.Dense(32, activation='relu'))
model.add(layers.Dense(num _classes, activation='sigmoid'))
model.compile(optimizer="rmsprop', loss='binary crossentropy')
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DENSELY CONNECTED NETWORKS: REGRESSION

e Bons g 58l8e 5l (55l s s S5 pladl 51
ol 613 B3 S5 se slacuaS slaad b sl aal s wia glola Dense ¥ S L LaY gy
s e A (callad Ll oS ped e G ) i cullad s L
LS oo saliiwl ) 5 ) s3e s mean_absolute_error (MAE) L mean_squared_error (MSE) 5

model = models.Sequential()

model.add(layers.Dense(32, activation='relu', input _shape=(num_input_features,)))
model.add(layers.Dense(32, activation='relu'))
model.add(layers.Dense(num_values))

model.compile(optimizer="rmsprop', loss="mse')
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model
model
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.add(layers

.add(layers
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= models.Sequential()

.add(layers.

add(layers
add(layers

add(layers
add(layers

add(layers
add(layers

add(layers
add(layers

SeparableConv2D(32, 3, activation='relu’,
input_shape=(height, width, channels)))

.SeparableConv2D(64, 3, activation='relu’))
.MaxPooling2D(2))

.SeparableConv2D(64, 3, activation='relu'))
.SeparableConv2D(128, 3, activation='relu'))
.MaxPooling2D(2))

.SeparableConv2D(64, 3, activation='relu'))
.SeparableConv2D(128, 3, activation='relu'))
.GlobalAveragePooling2D())

.Dense(32, activation='relu'))
.Dense(num_classes, activation='softmax’))

compile(optimizer="rmsprop', loss='categorical crossentropy')



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

YV

A.S:x.& (54:\.15 sl ylazs

RNNS

iS5k rae slai s

(LARNN) u_L:SJLs e slads
(Oled 22 o3 (Ple) a8 Y lagsu g O (pladlisn i3k s 3aok

(L&CA—HA Ls_a.um LSLJAA:JJ ‘da:\:s LS:s 3L&BJ‘JJ.~\;)‘ 6“\.(‘.\9.0%.0 t:\J‘JJ:\ LS:s :State/c.u_\l;)
e 5udplomid Gl pladtla 4 s B30 50 sla ST Hu oS pladlis o) 50 5o

L3 5d oo 88ls a5 TD-CNN « RNN 5l suléil
(C,u.u‘ BXE C;‘Cx.ﬁbﬁ J| J:\‘LG_A gS:\..SJ.\ L;‘Cufbﬁ L@_\TJJ «< LS"'L"J (5LA(5J—A.U 6Lhéd‘d ..Lul.n)



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

YA

st.S.).& (54:\.15 sl ylazs

RNNS

&
&

il 5L e slak i

w“)SJJJJ.AyRNN(S‘t:sY‘Lw
SimpleRNN, GRU, LSTM

Cowl Sdia Lol el GRU 31 puies ;08 LSTM



¥4
Ao suals (slas jlaze

LaY oIy AiK50 vme sladch s
RNNS

S5 (550 2 RNN (glada¥ (o 138Gy (o)
LS 15 asa slaea s JolS gdlin bl iy o Y AT JuS LY
(ol p2oon a8 S L LB o555 Sle) alS o)

.Jﬁa&‘dﬂx;@‘ﬂLginSsoJLgJJL;:LcM.Ie‘C;JL;ﬁJ.&T@JJAL@JS

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

4&yi¢5%QS¢5LM5JLMUa

JUe 1 (3250 e slals

RNNS

tsolas sladlios (osa 9 saiddb (5153 RNN 6l g 0¥ <

model = models.Sequential()

model.add(layers.LSTM(32, input_shape=(num_timesteps, num_features)))
model.add(layers.Dense(num_classes, activation='sigmoid'))
model.compile(optimizer="rmsprop', loss='binary_ crossentropy')
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model = models.Sequential()

model.add(layers.LSTM(32, return_sequences=True,
input_shape=(num_timesteps, num_features)))
model.add(layers.LSTM(32, return_sequences=True))
model.add(layers.LSTM(32))

model.add(layers.Dense(num_classes, activation='sigmoid'))
model.compile(optimizer="rmsprop', loss='binary_ crossentropy"')
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3. COUNTERFACTUALS

ACTIVITY:
QUESTIONS:

EXAMPLES:

]m;@mng. ]Iﬂﬂ:sp@:rum. Ll b stk g

Wbt o 1 Bueed e ... & W'lp?
(Was i X thar cased Y? Whar i€ X had nor
occurred? Whar if T hed acred differenty®)

Was it the aspirin that stopped my headache?
Wl Kennedy be abive of Ozl Bad nest
kalled hirm? What of 1 lad noe saroked for the

last 2 years?

ACTIVITY:
QUESTIONS:

EX.AMPLES:

2. INTERVENTION

Doang, Intervening

W har of 1 dls .5 Howf
(Whaat would ¥ be if T do XF
Her can 1 orake Y happent)

If 1 make aspirin, will my headache be oured?
What tf we ban cgarettes?

ACTIVIT:
QUESTIONS:

EXAMPLES:

1. ASSOCIATION

Seeing, Observing

Wohae if 1w .2
(Herar are the vanables relaned?
Heva womald secing X change my belicf i Y5

Whar dies a symprom tell me abour @ disease?
Whar does a survey well us abour rhe
eloction resulis?

Fiznz 1.2, The Ladder of Causation, with representative organisms at each
level. Most animals, as well as present-day learning machines, are on the first
rung, learning from association. Tool users, such as early humans, are on the
second rung if they act by planning and not merely by imitation. We can also

use experiments to leam the effects of interventions, and presumably this is




3. COUNTERFACTUALS

ACTIVITY
CILESTIONS:

EXAMPLES:

]r:n;{.!;":nln.!;l;I 'Ilmrr:-::[xfrnn, L e rsra i ing

W o 1 bored dowe ... 2 W ?
(W ir X thar cased Y7 What if X had oor
occurreds What if [ had acred differentdy?)

Was i the aspizin that stoppeed my headache?
Would Kennedy be alive of Oswald o st
kallesd hueray W'hae of 1 hadd noe sooked for the

last 2 years?

(2. INTERVENTION

ACTIVITY:
QUESTIONS:

EXAMPLES:

Dexingr, Imtervening

IFbar df Il ... f Howd
(Wher woald Y be if Tdo X
Herar can T ok Y happen®)

If T rake asperin, will my headache be oured?
What if we ban cagarerss?

1. ASSOCIATION

ACTIWITY:
QUESTIONS:

EX o MFLES:

Seping, Observing

Wbt if T ave .2
[Hivor are the variahles relared*
Hevar ool seetrgr X change my behet in Y7

Whar does a sympoom tell me abour a disease?
Whar docs a survey well us alowr the
clectiom teeaults?
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PRACTICE ON REAL-WORLD PROBLEMS USING KAGGLE

https://kaggle.com Kaggle 3 soldicl b 2819 sbada Jileso by (pa yad ‘

One effective way to acquire real-world experience is

to try your hand at machine learning competitions on Kaggle (https://kaggle.com).

The only real way to learn is through practice and actual coding

—that’s the philosophy of this book, and Kaggle competitions are the natural continuation of this.
On Kaggle, you’ll find an array of constantly renewed data-science competitions,

many of which involve deep learning,

prepared by companies interested in obtaining novel solutions to some of their most challenging
machine-learning problems. Fairly large monetary prizes are offered to top entrants.

Most competitions are won using

either the XGBoost library (for shallow machine learning) or Keras (for deep learning).

So you’ll fit right in! By participating in a few competitions, maybe as part of a team,

you’ll become more familiar with

the practical side of some of the advanced best practices described in this book,

especially hyperparameter tuning, avoiding validation-set overfitting, and model ensembling.
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READ ABOUT THE LLATEST DEVELOPMENTS IN ARXIVE

https://arxiv.org
http://arxiv-sanity.com arXive (s g, 2 Ldda g3 (9 AT Huil g

https://scholar.google.com

Deep-learning research, in contrast with some other scientific fields,

takes places completely in the open.

Papers are made publicly and freely accessible as soon as they’re finalized,

and a lot of related software is open source.

arX1v (https://arxiv.org)—pronounced “archive” (the X stands for the Greek chi)—

1S an open-access preprint server for physics, mathematics, and computer science research papers.
It has become the de facto way to stay up to date on the bleeding edge of machine learning and
deep learning. The large majority of deep-learning researchers upload any paper they write

to arXiv shortly after completion.

This allows them to plant a flag and claim a specific finding

without waiting for a conference acceptance (which takes months),

which is necessary given the fast pace of research and the intense competition in the field.

It also allows the field to move extremely fast:

all new findings are immediately available for all to see and to build on.
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READ ABOUT THE LLATEST DEVELOPMENTS IN ARXIVE

An important downside is that the sheer quantity of new papers posted every day

on arXiv makes it impossible to even skim them all;

and the fact that they aren’t peer reviewed makes it difficult to identify those that are both
important and high quality.

It’s difficult, and becoming increasingly more so, to find the signal in the noise.

Currently, there isn’t a good solution to this problem.

But some tools can help: an auxiliary website called

arXiv Sanity Preserver (http://arxiv-sanity.com)

serves as a recommendation engine for new papers and can help you keep track of new
developments within a specific narrow vertical of deep learning.

Additionally, you can use Google Scholar (https://scholar.google.com) to keep track of
publications by your favorite authors.
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EXPLORE THE KERAS ECOSYSTEM

https://keras.io
https://github.com/fchollet/keras " .
https://kerasteam.slack.com. Keras aiuaigs) ja ugls

https://blog.keras.io

With about 200,000 users as of November 2017 and growing fast, Keras has a large ecosystem of
tutorials, guides, and related open source projects:

L Your main reference for working with Keras is the online documentation at https://keras.io.
The Keras source code can be found at https://github.com/fchollet/keras.

L You can ask for help and join deep-learning discussions on the Keras Slack channel:
https://kerasteam.slack.com.

L The Keras blog, https://blog.keras.io, offers Keras tutorials and other articles related to deep
learning.

L You can follow Frangois Chollet on Twitter: (@fchollet.
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Deep Learning

Francois Chollet,
Deep Learning with Python,
Manning Publications, 2018.
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Conclusions

This chapter covers

Important takeaways from this book
The limitations of deep leaming

The future of deep learning, machine learning,
and Al

Resources for leaming further and working in
the field

You've almost reached the end of this book. This last chapter will summarize and
review core concepts while also expanding your horizons beyond the relatively basic
notions you've learned so far. Understanding deep learning and Al is a journey, and
finishing this book is merely the first step on it. T want to make sure you realize this
and are properly equipped to take the next steps of this journey on your own.

We'll start with a bird s-eye view of what you should take away from this book.
This should refresh your memory regarding some of the concepts you've learned.
MNext, we'll present an overview of some key limitations of deep learning. To use a
tool appropriately, you should not only understand what it can do bue also be aware
of what it can t do. Finally, I'll offer some speculative thoughts about the future evo-
lution of the fields of deep learning, machine learning, and Al This should be
especially interesting to you if you'd like to get into fundamental research. The
chapter ends with a short list of resources and strategies for learning further about
Al and staying up to date with new advances.




