Chapter 1: Getting Started with Python Machine Learning

In [595]:

from ipywidgets import interactive
import ipywidgets as widgets

def play with dim(dim=1):
f = np.polyld(np.polyfit(x, y, dim))
plot web traffic(x, y, [£f])
print ("Error for d=%i: %f" % (f.order, error(f, x, y)))

interactive plot = interactive(play with dim, dim=(1,100))
output = interactive plot.children[-1]
output.layout.height = '500px’'

interactive plot
dim () 15
Error for d=15: 113617150.429347
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Chapter 2: Classifying with Real-world Examples
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petal width (cm) <=0.8
gini = 0.667
samples = 150
value =[50, 50, 50]

False

True

petal width (cm) <= 1.75
gini=05
samples = 100
value =0, 50, 50]

gini=0.0
samples =50
value =[50, 0, 0]

petal length (cm) <=4.65 sepal length (cm) <= 6.25

gini=0.168 gini=0.043
samples = 54 samples =46
value = [0, 49, 5] value = [0, 1, 45]

e

petal length (cm) <= 4.45 gini = 0.408 gini = 0.165 gini= 0.0
Sgam les = 40 samples = 14 samples = 11 samples = 35
value = 0. 39, 1] value =[0,1,10] ) | value = [0, 0, 35]

gini=0.0 gini=0.165
samples = 29 samples = 11
value = [0, 29, 0] value = [0, 10, 1]

value =[0, 10, 4]
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Chapter 4: Classification | - Detecting Poor Answers
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Chapter 5: Dimensionality Reduction

Cor(X1, X32) = 1.000

X2
\

X3
L ]
[ ]
[ ]
[}
o\
[ ]
[ ]
..

10

X

COI'(XL X2) = 0.999



X2

Cor(X1, X2) = -0.078 Cor(Xy, X3) =-0.071

) .
. . ] .
12 - .
. - g .
® R i ;
10 - . . . . .
. | T .
8 - L4 . . ] .
. . N
y ° > .. ..
6 - . . . ] ‘
e e e e N ——————— e _ .
e 0000 e e i — e -____.-——_
4 - '. .o . N Z
“ I T r
° R . §
. .. ... 2- ... o
o5 o - .
o ®oqteq
_l4 _'2 CI) 2l /-EI- _|4 _‘2 6 2. L!l
X1 .
Cor(X1, X2) = -0.064 Cor(X1, X5) = 0.079
14- ® . ]
.
° 20 - . |
12- * . .
.
10 - - . - .
* 10 - . .
8 i . . .. .
- ' . '
A . X _:.‘:.l.._-:.._..‘ ______ e
6 - P oo.. . '. X I
—_—————— . . . -
4 - S ——— .
. L i
.M. .‘. _10_ A .. . O
. % . . T
Oy C .. LIPS
0- ., .
1 1 1 1 1 —-20 - ‘ I | _| |
—4 -2 0 2 4 _4 2 ; : :



Entropy H(X)

0.0 0.2 0.4 0.6 0.8 1.0
P(X = coin will show heads up)






~
0
™~
o

NI(X1, X2)

19 ¢

—

<

=™

X1



X2

Original feature space
12 - .

10 - .

0 2 A 6 8 10

Transformed feature space

DDOC 0O CO000 OWees NS Ne +00 & (]

Transformed feature space

) @ 00 OGeIED @ @ (MO0 © C OO0 e®mOeC D O (]



Original feature space

X2
(e}

MDS on example data set in 3 dimensions

A o
2
0
-2
3 -4
5 -6
‘—64%2_—_ =
4 -8 -6 —4 -2 0 2 4

Transformed feature space

000

COCOCIDD COC eMe D ol &

7.5

10.0

MDS on example data set in 2 dimensions



MDS on Iris data set in 3 dimensions
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Chapter 6: Clustering - Finding Related Posts
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Chapter 7: Recommendations
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Chapter 8: Artificial Neural Networks and Deep Learning
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Chapter 9: Classification Il - Sentiment Analysis

Relationship between probabilities and their logarithm
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Chapter 10: Topic Modeling
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Chapter 11: Classification lll - Music Genre Classification
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Chapter 12: Computer Vision
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Chapter 13: Reinforcement Learning
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Chapter 14: Bigger Data

Waiting Ready Finished Running Task name
1 0 0 0 jugfile.print_final_result
1 0 0 0 jugfile.add
2 2 0 0 jugfile.double
4 2 0 0 Total
Waiting Ready Finished Running Task name
1 0 0 0 jugfile.print_final_result
2 0 0 2 jugfile.double
1 0 0 0 jugfile.add




AWS services

> Recently visited services

v All services

i@} Compute

EC2

Lightsail &

Elastic Container Service
Lambda

Batch

Elastic Beanstalk

Storage
53
EFS
Glacier
Storage Gateway

% Database

RDS

DynamoDB
ElastiCache
Amazon Redshift

r_“%b Migration
AWS Migration Hub
Application Discovery Service

Database Migration Service

Management Tools

CloudWatch

AWS Auto Scaling
CloudFormation
CloudTrail

Config

OpsWorks
Service Catalog
Systems Manager
Trusted Advisor
Managed Services

El‘:[] Media Services

Elastic Transcoder
Kinesis Video Streams
MediaConvert
MediaLive
MediaPackage
MediaStore
MediaTailor

@ Machine Learning

Amazon SageMaker
Amazon Comprehend
AWS DeeplLens

53

Mobile Services

Mobile Hub
AWS AppSync
Device Farm
Mobile Analytics

AR &VR

Amazon Sumerian

Application Integration

Step Functions

Amazon MQ

Simple Motification Service
Simple Queue Service
SWF

Customer Engagement

Amazon Eonnecl
Pinpoint
Simple Email Service

Business Productivity

Alexa for Business
Amazon Chime &



Add user ° 2) (3) (=

Set user details

‘You can add multiple users at once with the same access type and permissions. Learn more

User name* aws_ml

© Add another user

Select AWS access type

Select how these users will access AWS. Access keys and autogenerated passwords are provided in the last step. Learn more

Access type* Programmatic access

Enables an access key ID and secret access key for the AWS API, CLI, SDK, and other development tools.

AWS Management Console access
Enables a password that allows users to sign-in to the AWS Management Console.

Create group x

Create a group and select the policies to be attached to the group. Using groups is a best-practice way to manage users' permissions by job functions, AWS service access, or your custom permissions. Learn more

Group name | EC2_FULL

Create policy = < Refresh

Filter: Policytype ¥  Q AmazonEC2 Showing 17 results
Policy name + Type Attachments »  Description
» AmazonEC2ContainerRegistryReadOnly AWS managed 0 Provides read-only access to Amazon £C2 Container Registry reposiories. N
» W AmazonEC2ContainerServiceAutoscaleRole AWS managed 0 Policy to enable Task Autoscaling for Amazon EC2 Container Service
» ‘AmazonEC2ContainerServiceEventsRole AWS managed 0 Policy to enable Cloudwatch Events for EC2 Container Service
» ‘AmazonEC2ContainerServiceforeC2Role AWS managed 0 Default policy for the Amazon EC2 Role for Amazon EC2 Container Service.
» ‘AmazonEC2ContainerServiceFullAccess AWS managed 0 Provides administrative access to Amazon ECS resources.
» AmazonEC2ContainerServiceRole AWS managed 0 Default policy for Amazon ECS service role.
v » ." AmazonEC2FullAccess AWS managed 1 Provides full access to Amazon EC2 via the AWS Management Console.
» Wl AmazonEC2ReadOnlyAccess AWS managed 0 Provides read only access to Amazon ECZ2 via the AWS Management Console.
» ‘AmazonEC2ReportsAccess AWS managed 0 Provides full access fo all Amazon EC2 reports via the AWS Management Console. *
» AmazonEG2RoleforAWSCodeDeploy AWS managed 0 Provides EC2 access to S3 bucket to download revision. This role is needed by the CodeDeploy agent on EC2 instances. .
Cancel Create group
& Download .csv
User Access key ID Secret access key
» ® aws_ml AKIAJM3ATLOTSE4SBIKA ks Show

Close



Resources

You are using the following Amazon EC2 resources in the US East (M. Virginia) region:

0 Running Instances 0 Elastic IPs

0 Dedicated Hosts
0 Volumes

1 Key Pairs

0

0 Snapshots
0 Load Balancers
3 Security Groups

Placement Groups

Learmn more about the latest in AWS Compute from AWS recinvent 2017 by viewing the EC2 Videos X
Create Instance
To start using Amazon EC2 you will want to launch a virtual server, known as an Amazon EC2 instance.
Mote: Your instances will launch in the US East (N. Virginia) region
Service Health ¢ Scheduled Events ¢
Service Status: US East (N. Virginia):
& US East (N. Virginia): Mo events
This service is operating normally
Availability Zone Status:
@ Us-east1a .
Awvailability zone is operating normally
) us-gast-1b:
Availability zone is operating normally
Step 1: Choose an Amazon Machine Image (AMI) Ganeel and Exit
An AMI is a template ins the system, application server, and applications) required to launch your instance. You can select an AMI provided by AWS, our user community, of the AWS Marketplace; of you can select one of your own AMis.
Quick Start 110 36 of 36 AMIS
My AMis (1] Amazon Linux AMI 2018.03.0 (HVM), SSD Volume Type - ami-14c5486b
Amazon Linux_ The Amazon Linux AMI is an EBS-backed, AWS-supported imags. The default image includes AWS command line tools, Python, Ruby. Ped, and Java. Tha repositories include Docker, PHP. MySQL, PostgreSQL, and other packages.

AWS Marketplace
Community AMis
W
Free tier only (] Amazon Linux

2

SUSE Linux

Root device type: sba  Viuaization yps: wm  EMA Enabled: Yes

Amazon Linux 2 LTS Candidate 2 AMI (HVM), SSD Volume Type - ami-afd15ed0

Amazon Linux 2 LTS Candidate 2 provides an updated vession of the Linux Kemel (4.14) tuned for EC2, systemd support, a newer comgier (gee 7.3), an updated C runtime (glibe 2.26), newer tooling (binutis 2.29 1), and the latest software
packages through the exiras mechanisms.

oot Oevice fype: 6ba  VILMZENON ype: hm  ENA Enadied: Yes

SUSE Linux Enterprise Server 12 SP3 (HVM), SSD Volume Type - ami-62bda218 »
SUSE Linux Enterprise Server 12 Service Pack 3 (HVM), EBS General Purpase (SSD) Volume Type. Public Claud, Advanced Systems Management, Web and Seripting, and Legacy modules enabled

Root device type-sbs  Vitusization fype: bum  EMA Erabled: Yes

Red Hat Enterprise Linux 7.5 (HVM), SSD Volume Type - ami-6871a115 Select

Red Hat Enterprise Linux version 7 5 (HVM), EBS General Purpose (SSD) Volume Type c4-bit
RootOevice ype: ba  VILSIZALON typK: T ENA Eniied: Yes

Ubuntu Server 16.04 LTS (HVM), SSD Volume Type - ami-5c68ea23 m
Ubuniy 16.04 LTS (HVM) EBS pose Type. Support available from Canonical (hitp:{/www,ubuntu comicloudiservices), cana

Rogt device fype:sbs  Vibuaization hyps: m  EMA Enabled: Yes



1.Choose AMI  2.Choose Instance Type 3. Configure Instance 4. Add Storage 5. Add Tags

Step 2: Choose an Instance Type

6. Configure Securty Group

7. Review

Amazon EG2 provides a wide selection of instance types optimized to fit different use cases. Instances are virtual servers that can run applications. They have varying combinations of GPU, memory, storage, and networking capacity, and give you the flexibility to choose the appr:

for your applications. Leam more about instance types and how they can meet your computing needs.

Filterby: | Allinstancetypes v | Currentgeneration v Show/Hide Columns
Currently selected: t2.micro (Variable ECUs, 1 vCPUs, 2.5 GHz, Intel Xeon Family, 1 GIB memory, EBS only)
T2 instances are VPG-only. Your T2 instance will launch into your VPC. Leam more about T2 and VPC.
Family - Type - vCPUs (i) - Memory (GiB) - b inctance Storage (GB) (1) - EBS-Optimized Available (i) b3 Network Performance (i)

(@] General purpose t2.nano 1 05 EBS only - Low to Moderate

| purpose 1 1 EBS only - Low to Moderate
(@] 1 2 EBS only - Low to Moderate
o 2 4 EBS only - Low to Moderate
(] t2large 2 8 EBS only - Low to Moderate
@ 2.xiarge 4 16 EBS only - Moderate

Select an existing key pair or create a new key pair X

(ELLLRLECL AR gl Connect  Actions v

A Key pair consists of a public key that AWS stores, and a private key file that you store. Together, they
allow you to connect to your instance securely. For Windows AMIs, the private key file is required to
obtain the password used to log into your instance. For Linux AMIs, the private key file allows you to
securely SSH into your instance

Note: The selected key pair will be added to the set of keys authorized for this instance. Learn more
about removing existing key pairs from a public AMI

| Create a new key pair ]
Key pair name
[aws_explore] |

Download Key Pair ‘

You have to download the private key file (*.pem file) before you can continue. Store
itin a secure and accessible location. You will not be able to download the file
again after it's created.

Cancel WENLELILEELEE

@ i Q% 0
Q Filter by tags and attributes or search by keyword Q| K < 1totof1 > 3|
| Name ~ Instance ID - InstanceType - AvailabilityZone + Instance State ~ Status Checks ~ AlarmStatus  PublicDNS (IPv4) -~ IPv4PubliclP - IPv6IPs - KeyName  ~ Monitoring ~ LaunchTi
(] i-0b10cdc2ec93d733e  t2.micro us-east-1a @ running Z Iniializing  None % 34201.68.154 - aws_explore W disabled May 23, 2(
. i
0b10c9c2ece3d733e  Public IP: 34.201.68.154 _N-_N=01=
Description Status Checks \ Monitoring = Tags
Instance ID  -0b10c9c2ec93d733e Public DNS (IPv4) -
Instance state  running 1Pvé Public IP34.201.68.154
Instance type  t2.micro P IPs -
Elastic IPs Private DNS  ip-172-30-0-118.ec2.internal
Availabilty zone  us-east-1a Private IPs  172.30.0.118

Security groups

launch-wizard-2 . view inbound rules

Secondary private IPs



$ ssh -1 aws_explore.pem ecZ-user@34.201.68.154
Last login: Wed May 23 16:14:17 2018 from 94.252.95.61

)
| /  Amazon Linux AMI
N ]

https://aws.amazon.com/amazon-1linux-ami/2018.03-release-notes/

b package(s) needed for security, out of 7 available I
Run "sudo yum update" to apply all updates.

[ec2-user@ip-172-30-0-118 ~]$ |}

Grant permissions

Use IAM policies to grant permissions. You can assign an existing policy or create a new one.

%, Aol Copy permissions from Attach existing policies
Al e
s \ISer [0 group & existing user directly
Create policy Z
Filter: Policy type ¥ Q Search Showing 349 results
Policy name + Type Aftachments ~  Description
» AdministratorAccess Job function 0 Provides full access to AWS services and resources.
» AlexaForBusinessDeviceSetup AWS managed 0 Provide device setup access 10 AlexaForBusiness services
» AlexaForBusinessFullAccess AWS managed 0 Grants full access to AlexaForBusiness resources and access 1o related AWS Services
» AlexaForBusinessGatewayExecution AWS managed 0 Provide gateway execution access to AlexaForBusiness services
» AlexaForBusinessReadOnlyAccess AWS managed 0  Provide read only access to AlexaForBusiness services
» AmazonAPIGatewayAdministrator AWS managed 0 Provides full access to create/edit/delete APIs in Amazon API Gateway via the AWS Management Console.
» AmazonAPIGatewaylnvokeFullAccess AWS managed 0 Provides full access to invoke APIs in Amazon AP| Gateway.

» AmazonAPIGalewayPushToCloudWatchLogs AWS managed 0 Allows API Gateway to push logs to user's account.



%}_"E Services Resource Groups ~ *

VPC Dashboard 4 Create VPC Launch EC2 Instances

Filter by VPC:

Q selecta VPG Mote: Your Instances will launch in the US East (M. Virginia) region.
electa

Resources by Region 2 Refresh Resources

Virtual Private
Cloud You are using the following Amazon VPC resources
Your VPCs
VPCs 1 MNat Gateways
Subnets See all regions « See all regions -
Route Tables
Internet Gateways Subnets 4 VPC Peering Connections
See all regions - See all regions -
Egress Only Internet
Gateways
DHGP Options Sets Route Tables 1 MNetwork ACLs
See all regions - Selall regions -
Elastic IPs
Endpoints ,
Internet Gateways 1 Security Groups

Endpoint Services - See all regions = See all regions =



