Chapter 1: Getting Started with Artificial
Intelligence in Python

for in tgdm(range(10})
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sepal_length sepal width petal length petal width species
1] 5.1 a5 14 0.2 setosa
1 4.9 ao 1.4 0.2 setosa
2 4.7 iz 1.3 0.2 setosa
3 4.6 a1 1.5 0.2 setosa
4 5.0 a6 1.4 0.2 setosa
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o 06
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wrginica
0.0
setosa versicolor wrginica
Predicted label
Layer (type) Output Shape Param #
dense (Dense) (None, 10) 50
dense_1 (Dense) (None, 3) 33

Total params: 83
Trainable params: B3
MNon-trainable params: 0
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_ input: | [(?7,4)]
dense_input: InputLayer
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F(x) = Z T, w; = w X T, with n neurons and a single output.
i=0
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0 otherwise.

§ = tanh(W"' z)
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education- marital- capital- capital- hours-per- native-

age workclass fnlwgt education num status occupation relationship race sex gain lo8s week ceuntry 50k

0 39 State-gov 77516 Bachelors 13 Never-married Adm-clerical Not-in-family ' White Male 2174 0 40 United-States <=50K

1 5 SelemPnot gagi1 Bachelors 13 Maried-civ Exec- Husband White  Male 0 0 13 United-States <=50K
inc spouse managerial
N Handlers-

2 38 Private 215646 HS-grad ] Divorced . Not-in-family ' White Male 0 0 40 United-States <=50K

3 53 Private 234721 11th 7  Maried-ov- Handlers- Husband Black  Male 0 0 40 United-States  <=50K
spouse cleaners

4 28 Private 338408  Bachelors 13 Ma”f:(;ﬁ‘;e” Prof-specialty Wife Black Female 0 0 40 Cuba <=50K
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hours-

education- marital- capital- capital- native-
age workeclass fniwgt education num status  OCCUPation relationship race  sex gain loss wp:e:( country 50k
|1%3 Cross
validator NaN NaN NaN NaN NaN NaN NahN  NaN  NaM NaN NaN NaN NaN NaN
Never-  Machine-op- United-
26 Private 226802.0 11th 7.0 maried inspet Own-child Black Male 0.0 0.0 400 States <=50K.
Married-civ- Farming- . United- __,
a8 Private  89814.0 HS-grad 9.0 spouse fishing Husband White Male 0.0 0.0 50.0 States <=50K.
Assoc- Married-civ- Protective- United-
28 Local-gov 336951.0 acdm 12.0 spouse ey Husband White Male 0.0 0.0 40,0 States 50K,
Some- Married-civ-  Machine-op- United-
44 Private 180323.0 college 10.0 spouse inspet Husband Black Male 7688.0 0.0 40.0 States >50K.
age workclass fnlwgt education education-  marital- occupation relationship race sex capital- capital- hours-per- native-
num status gain loss week country
39 1 77516 1 13 1 1 1 1 1 2174 0 40 1
50 2 83311 1 13 2 2 2 1 1 0 V] 13 1
38 3 215646 2 9 3 3 1 1 1 0 0 40 1
53 3 234721 3 7 2 3 2 2 1 0 0 40 1
28 3 338409 1 13 2 4 3 2 2 0 0 40 2
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Index([ 'age’', 'workeclass 1', 'workeclass 2°', 'workclass 3', 'workeclass 4',
'workclass_5', 'workeclass_6', 'workeclass 7', 'workclass_8',
‘workclass_9',

®aow

'native-country 33', 'native-country_34', 'native-country_35',
'native-country 36', 'native-country 37', 'native-country 38',
‘'native-country 39', 'natiwve-country_40', 'native-country_41°',

‘native-country 42'],
dtype='object', length=108)

Layer (type) Output Shape Param #
dense (Dense) {Hone, 20) 2180

dense 1 (Dense) (None, 2) 42

Total params: 2,222
Trainable params: 2,222
Non-trainable params: 0

Model Training
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< 05
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Epoch

[14]



0: relationship 2: 0.02743074749708249
1: marital-status_2: 0.02671826054910632
2: age: 0.019335421657146367

3: education-num: 0.0126B9638228610035
4: education_1l: 0.00B377B63767581843

5: hours-per-week: 0.007284564830170138
6: sex 1l: 0.0072722B05724464105

71 occupation 5: 0.006903752840734599
B: relationship 4: 0.0067B0910263497328
9: relationship 3: 0.006584362139917695
10: sex 2: 0.006436951047232972

len(data)/batch_size
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Chapter 2: Advanced Topics in Supervised
Machine Learning

Epoch: 0/1000 Training Loss: 0.977 Test Loss: 0.993
Epoch: 10/1000 Training Loss: 0.385 Test Loss: 0.526
Epoch: 20/1000 Training Loss: 0.319 Test Loss: 0.550
0.50 1 X = Training loss
= ) Yalidation loss
0.45 - \
0.40 1
W 0.35 1
75
= 0.30 -
0.25 -
0.20 1
0.15 1
0 5 10 15 20 25 30
epochs

[16]



Target

4 7] a8
Target Ranking

0.25 1

0.20 1

0.15 1

0.10 1

0.05

0.00 -

EEE neurcn importance

neuron

[17]




feature importance features
0 0.014723 CverallQual
9 0.014181 GriivArea
12 0.013801 TotalBsmtSF
13 0.012599 18tFIrSF
| 0.007386 TotRmsAbvGrd
a5 0.006422 GarageArea
8 0.008201 YearBuilt
11 0.005817 GarageCars
24 0.005403 FullBath
1 0.005221 OpenPorchsF
0.30 1
0.25 1
0.20 1
g W
B 015 ——
&
0.10 1 . _
0.05 - — only exploitation
curious exploitation
nood F — no model update
I:I:I IUE]D EUICIG E'.Dlﬂﬂ 4DIU{I 5(]::]1}
iteration

FG(4;, D) > G(A;, D) + (51,0, Vi Z 1,
For dataset D and attribute A;, and gain function G(),
then we conclude that A; is the best attribute with probability 1 — §.
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n_samples

n_classes X np.bincount(y)

AIRmetric — metrchrotected_group / metrzcnorm_group

reoffend | score N FFR FNR DFP DFN

sensitive

African-American | 0.471168 | 0.521822 | 3139 | 0.438157 | 0.317949 | 1.895936 | 1.301351

Asian 0.250000|0.260714 |28 | 0.047619 | 0.080209 | 0.205582 | 0.372087
Caucasian 0.329737 | 0.354268 | 2132 | 0.231631 | 0.244322 | 1.000000 | 1.000000
Hispanic 0.303730 )| 0.337655 | 563 | 0.206633 | 0.230138 | 0.882078 | 0.942181

Native American |0.500000 |0.571428 (14 | 0.285714|0.000000 | 1.233482 | 0.000000

Other 0.311765 | 0.282941 | 340 | 0.141026 | 0.263736 | 0.608838 | 1.079461

reoffend | score N FFR FNR DFP DFN

sensitive

African-American | 0.471042 | 2.923125 | 1036 | 0.832117 | 0.563881 | 0.882103 | 1.478884

Asian 0.222222 [ 3.543877 |8 1.000000 | NaN 1.180247 | NaN
Caucasian 0.335188 [ 2.969506 | 719 | 0.847280(0.381356 | 1.000000 | 1.000000
Hispanic 0.293478 | 3.028000 | 184 |0.861538(0.419355|1.016828 | 1.099642
Native American |0.500000|3.567670 (2 1.000000 | NaN 1.180247 | NaN
Other 0.294118 [ 2.724081 | 102 | 0.847222 | 0.450000 | 0.998931 | 1.180000
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reoffend | score N FPR FNR DFFP DFN

sensitive

African-American | 0.471042 | 0.575290 | 1036 | 0.456204 | 0.322727 | 1.280330 | 1.263508
Asian 0.222222 | 0.333333 |8 0.142857 | 0.000000 | 0.404057 | 0.000000
Caucasian 0.335188 | 0.422809 | 719 | 0.353556 | 0.255422 | 1.000000 | 1.000000
Hispanic 0.293478 | 0.364130 | 184 |0.307692 | 0.230769 | 0.870278 [ 0.903483
Native American |0.500000|0.500000 |2 0.000000 | 0.000000 | 0.000000 | 0.000000
Other 0.284118 | 0.274510 | 102 | 0.208333 | 0.229730 | 0.589250 | 0.893414

€02 in ppm

CO2 conc. mauna_loa 1958-2001

1970

1990

2000
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ARIMA model
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Chapter 3: Patterns, Outliers, and
Recommendations
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1=9

ﬁ 4

3

2

1

0

] 2 -+ B 8 10 12 14
Wumber of cluster
age_mean age std creditamount duration count class mean class std
cluster
0 35616943 11.683110 1469.364641 15.060773 543 1.272560 0.445687
2 34673684 10.752440 3583.589474 23.505263 285 1.2B0702 0450132
3 36.800000 11.230081 7127.523077 33.346154 130 1.361538 0.482305
1 36.666667 11.802577 12511.714286 40.261805 42 1.585238 0.486796
age_mean age std creditamount duration count class mean class std
cluster

4 35920000 7.34B025  8289.740000 42.640000 50 1.000000  0.000000
2 35548165 11.4B9624 2473.405963 17.779817 872 1.259174 0.438433
0 38.200000 16.457352 15271.600000 51.300000 10 1.600000 0.516398
1 34530303 10989813 7B45.363636 41.545455 6& 2.000000  0.000000
3 45500000 31.819805 14725500000 6.000000 2 2.000000  0.000000
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timestamp value label
0 1469376000 0.847300 0
1 1462376300 -0.036137 0
2 1469376600 0.074282 0
3 1469376900 0.074282 0
4 1469377200 -0.036137 0
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Predicted values by label

0.y A 0

¢d: X — F
v F = X

[31]



¢
P

¢, = argmin || X — (¢ 0 ¢) X ||’
O,




string1

string2 matched

General Electric
Wells Fargo
Bank of China
PetroChina

Apple

General Electric

Wells Fargo

Industrial and Commercial Bank of China (Asia)

PetroChina

Apple Inc.

Trua
Trua
Trus
Trua

True
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string 1

string 2

string featurization

representation 1

representation 2

comparison

@compaﬂson@

C»

Epoch 0: loss
Epoch 1l: loss
Epoch 2: loss
Epoch 3: loss
Epoch 4: loss
Epoch 5: loss
Epoch 6: loss
Epoch 7: loss
Epoch 8: loss
Epoch 9: loss

2.770107564591749
0.7509063941125441
0.6736548199643415
0.5723B41978727623
0.4470017605662601
0.328273469B86698136
0.23731406738849583
0.174502199253408
0.13326672287996882
0.10586522202579828

Train RMSE 0.264, test RMSE 0.964
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User

User

User

3
Enown positives:
The Atlantis Complex (Artemis Fowl, #7)
Sentinel (Covenant, #35)
The Devil Wears Prada (The Devil Wears Prada, #1)
Recommended :
Wool (Wool, #1)
The Magicians' Guild (Black Magician Trilegy, #1)
Where the Heart Is
9999
Enown positives:
City of Glass (The Mortal Instruments, #3)
The Magicians' Guild (Black Magician Trilogy, #1)
Bridge to Terabithia
Recommended :
Gap Creek
Great Expectations
A Tale for the Time Being
15000
Known positives:
Enchanters' End Game (The Belgariad, #5)
The Life and Times of the Thunderbolt EKid
Beautiful Creatures (Caster Chroniecles, #1)
Recommended :
The Name of the Wind (The Xingkiller Chronicle, #1)
A Game of Thrones (A Song of Ice and Fire, #1)
A Prayer for Owen Meany
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User 3
KEnown positives:
The Atlantis Complex (Artemis Fowl, #7)
Sentinel (Covenant, #3)
The Devil Wears Prada (The Devil Wears Prada, #1)
Recommended :
The Life and Times of the Thunderbolt Eid
The Atlantis Complex (Artemis Fowl, #7)
Beautiful Creatures (Caster Chronicles, #1)
User 9999
Known positives:
City of Glass (The Mortal Instruments, #3)
The Magicians' Guild (Black Magician Trilogy, #1)
Bridge to Terabithia
Recommended :
Enchanters' End Game (The Belgariad, #5)
City of Glass (The Mortal Instruments, #3)
Frankenstein
User 15000
Known positives:
Enchanters' End Game (The Belgariad, #5)
The Life and Times of the Thunderbolt Eid
Beautiful Creatures (Caster Chronicles, #1)
Recommended :
Where the Heart Is
Mockingjay (The Hunger Games, #3)
A Map of the World

nfactors
Pui = Huy, Wi,
f=0

[36]
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Chapter 4: Probabilistic Modeling
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[42]




_ P(BJA)P(A)

~ p(Cx) p(x | Ck)
PO = T

p(C) [ pla | C1)

, , revenue
CLV = margin X transactions X

transaction
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Chapter 5: Heuristic Search Techniques and
Logical Inference

1. Ps
2. Vz|Pxr — Qx|
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Chapter 6: Deep Reinforcement Learning
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o' < argmax, 4 Q(a) + \/N(a) :
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Q" (s,a) = maxQ"(s,a)

mwell

7 (s) = argmax, 4 Q" (s, a).

J =(Q(s,a;0) — YkQ)2,where
ﬂ?zr+7§gQ@Cdﬂw,

J=(Q(s,a;0) — YkQ)2,Where
YkQ =r+ymaxQ(s’,a’;0;),

acA
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Chapter 7: Advanced Image Applications
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Chapter 8: Working with Moving Images
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Chapter 9: Deep Learning in Audio and
Speech
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Lot (A) = Epg[Aps Wi |, where
(n/N —t/T)?
22 ’
with parameter g = 0.2, N the number of characters,

T the number of time frames, and A € RV*T,

W =1—exp—
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ul = v’ tanh(Wih; + Wacy)

t = softmax(ul)

a; = ;

t—1
iLt = Z a,ﬁ hz
1=t—n
over hidden states h and current RNN state ¢;
with model parameters v, W7, and W,.

[83]



Chapter 10: Natural Language Processing
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Chapter 11: Artificial Intelligence in
Production

Model and dataset
selection
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DecisionTreeClassifier on Covertype

Model performance in test

AUC: 0.94
1 2 =] 4 5 -] 7 accuracy
precision 0.7655 8.7870 0.7481 0.7808 0.8098 0.6255 0.8801 0.7766
recall 0.7600 0.8348 0.8377 0.5943 9.2152 0.3443 0.6959 0.7766
fl-score 0.7627 8.81062 0.7%04 0.6749 0.3400 0.4441 0.7772 0.7766
support 69978 93523 11696 875 3225 5762 6675 0.7766

Confusion Matrix

2 = 4 5 -] 7
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Metrics
mae = 0.515 0.524 0.538 0.531 0.528 0.634 0.535 0.59
r2 2 0.29 0.267 0.233 0.247 0.256 0.026 0.236 0.122
rmse k2 0.659 0.669 0.684 0.678 0.674 0.771 0.683 0.733
Scatter Plot Contour Plot Parallel Coordinates Plot
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alpha

Pr[M(D) € S] < e‘Pr[M(D') € S| + é,for D', D € D.
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N(0,0%)

M (z) =2 argmax; {n; (x) + N(0,0%)},




