Chapter 01: Getting Started

Document & Senbence Lovel Sentimant

Entire Do usmssnit

L35 —02

Ertities

Googlery

Sundar Pichairg ¢

Mowriain View g
Kyt g |

! (udirEly

1 Google
Sertiment: Score D Magritude 0
Wikipedia Artiche

Salignce: 0.26

Santiment: Score D Magnitude 0

3 phone

Salience: 013

5 Sundar Pichai
Sentiment: Scons D Magnitude 0.1

Wikipedia Ariche

Salience; 0,11

T. Gonswmes Electron m
Sentiment: Scofe 0 Magnitude O

Wikipidia Arich

Salience: 0.07

Googha, headguanansd in Mountain View, urveilsd the new Android phone a1 ) Coansurmer
[Electronic Show. Sunidar Fichai said in his kiynols (hat users love thesr e Androsd phones,

ew (Android:y (phoneiy al the (f er tronic Showisy

e AR g (phoresg

2. users

Sentiment; Score 0.4 Magnitade 0%

Salience: 0.15

4. Android
Sentiment: Scote 0.1 Magnitade 002
Sallemnce: 012

&. Mountain Vies
Sentiment:  Score 0 Magnituds 0
ikipedi x

Salieroe; 010

B. phones
Zentiment: Score 0.7
Saliemndi: 003

Magnitsse 0.7




fComputers & Electronics

Confidence: 0.61

News

Confidence: 0.53

Categories

fInternet & Telecom/Mobile & Wireless

Confidence: 0.53

I el 3 weonallerfidl Snip 2o Sestie and enioyed weeing the Snace Nesdle!

D LanGUAGES:
) KEY PHAASES:

i SENTIMINT:

) UINKED ENTITIES
(PREVIEW]:

Example « Erglish - Potitive Exarrgle - English - Blegaine

Example - Spanish - Pos

Erglai {conlidence: 100 %]

Seanthe. wandsrful i, Space Keedis

1 hastl & wondeeiul

the Space Meed

Exsemple - Spanith

@ 1 Sealtle and ercoyed Lesing

Negate

[2]




% B LG - Tangen Languige

Chinese (Simplified) (zh) - English (en) -
Sample fid. Enter your own 3exi 1o translate Ancient written Chinese is called classical
SITEELERARET, REHERE—a Chinese. Modern written Chinese generally
EEAMAMRERIEIEE, WREFNTX refers to the use of modemn standard Chinese
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itten Chimnese generally refers to the use of scdern standard Chinese grammar and Chinese
wvocabulary (alsc known as vernacular Chingse).”
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Barclays misled shareholders and the public about one of the biggest investments in the bank's history, a BBC Panorama investigation has found. AT
ds  Phrases Entities Dependency P 053 economy, business and finance>economy>macro
economics>investments
Subject Predicate Object )
070 economy, business and finance>economy
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exchange>loan market>loans
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exchange
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sector>financial and business service

Quepy
m About  Issues  Contact O L a

In this demo we demonstrate the use of the Quepy framework by generating queries to be ran in the DBpedia database or the Freebase

database TR v - |

Read the tutorial to create an application like this one or view the finished code.

To learn more about the framework check out the documentation or the source code at github.

Try it yourself:

1. Ask a question

Start by asking a question in natural language and watch the query generated:

Question: Example: Who are the actors of Titanic?

2. Get a query

This query was generated for the question “Who is Tom Cruise?"

SPARQL EDIT MQL  EDIT

£
PREFIX : <http://waw.w3.0rg/2002/07/owl#> ""/common/topic/description”: [{}],

PREFIX /www.w3.0rg/2000/01/rdf-schema#> "/type/object/name~=": "Tom Cruise",
PREFIX <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> "/type/object/type": "/people/person”
PREFIX /xmlns. com/foaf/0.1/>

1
PREFIX /www.w3.0rg/2004/02/skos/core#> @
PREFIX quepy: <http://www.machinalis.com/quepy#>
PREFIX dbpedia: <http://dbpedia.org/ontology/>
PREFIX dbpprop: <http://dbpedia.org/property/>
PREFIX dbpedia-owl: <http://dbpedia.org/ontology/>

SELECT DISTINCT ?x1 WHERE {
?x@ rdf:type foaf:Person.
?x0 rdfs:label "Tom Cruise"@en.
7x0 rdfs:comment ?x1.

1
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Answer

Keanu Reeves, Laurence Fishburne, Carrie-Anne Moss, Hugo Weaving, and Joe Pantoliano

Passage Context

The Matrix is a 1999 science fiction action film written and directed by The

LELIVETERE Tty Keanu Reeves, Laurence Fishburne, Carrie-Anne
o535, Hugo Weaving, and Joe Pantoliano MIE e SE T ATA L LR {T T

which reality as perceived by most humans is actually a simulated reality called
"the Matrix”, created by sentient machines to subdue the human population,
while their bodies' heat and electrical activity are used as an energy source.
Computer programmer "Neg" learns this truth and is drawn into a rebellion
against the machines, which involves other people whao have been freed from

the “dream world."

Model internals (beta) a
Passage to Question attention a

For every passage word, the model computes an attention over the question words. This
heatmap shows that attention, which is normalized for every rew in the matrix.
Heanu

Reeves

Laurence

Fishburne

Carrie

Pantoliano
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It is likely that the premise entails the hypothesis,
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et b apank
Google Cloud Text-to-Speech enables developers 1o synthesize natural-sounding speech with 32 voices,
available in multiple languages and variants. It applies DeepMind's groundbreaking research in WaveMet
and Google's powerful newral networks to deliver the highest fidelity possible, As an easy-to-use API,
you can create lifelike interactions with your users, across many applications and devices.

English (United States) - WaveMet - en-US-Wavenet-D -

Regquest URL
https://texttospesch, goagleapis . com/vibetal /text isynthesize
Request body
“audisCenfig”:
“audigEncoding”: “LINEARIG

“pitch®: “8.88°
sprakingRate”: "1.88

“Google Cloud Text-to-Speech enables developers to synthesize natural
sounding speech with 32 veices, available in multiple languages and variants. It a
pplies DeepMind’s groundbreaking research in WaveNet and Google's powerful newral
networks to deliver the highest fidelity possible. As an easy-to-use AFI, you can
with wyour

create lifelike interacti

across many applications

vl devices

“voice”:
"languageCode”: “en-US
name”™: “en-US-Wavenet-0

n ing

English (United States) - ‘ ® Microphone () File upload

Request URL
https://speech.googleapis.comi/vl/speech: recognize
Request body
“audia” :
“content”: “/* Your audio #/
“config”:
enableAutomaticPunctuation”™ true
“encading” @ TLINEARIG™

languageCode”™: “en-US
“model”: “default’

Hide JS0N~ START NO
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President Barack Obama

is the one identified speaking in the selected audio.
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Chapter 02: Text Classification and POS

Tagging Using NLTK

cotetons [carpon)

All Packages

Ident Name Size
averaged_perceptron_tagg Averaged Perceptron Tagger 2.4 MB stalled
averaged_perceptron_tagg| Averaged Perceptron Tagger (Russian) 8.2 MB not installed
basque_grammars Grammars for Basque 4.6 KB not installed
bllip_wsj_no_aux BLLIP Parser: WSJ Model 23.4 MB not installed
book_grammars Grammars from NLTK Book 8.9 KB not installed
large_grammars Large context-free and feature-based grammars for parser col 277.1 KB not installed
maxent_ne_chunker ACE Named Entity Chunker (Maximum entropy) 12.8 MB installed
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Chapter 03: Deep Learning and TensorFlow
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forget gate
self-recurrent
connection

memory cell memory cell
input output

input gate output gate

| Select Target Platform @

Click on the green buttons that describe your target platform. Only supported platforms will be shown.

Operating System m m
Architecture @
Version 16.

Download Installer for Linux Ubuntu 16.04 x86_64

The base installer is available for download below.

> Base Installer ownload (2.8 KB) &

Installation Instructions:

*sudo dpkg -i cuda-repo-ubuntu1604_9.0.176-1_amdé4.deb’
*sudo apt-key adv --fetch-keys http: download.nvidia.c o 1604/x86_64/7fa2af80.pub’

1.
2. P P
3. "sudo apt-get update"

4. sudo apt-get install cuda’

Other installation options are available in the form of meta-packages. For example, to install all the library packages, replace "cuda” with the
“cuda-libraries-9-0" meta package. For more information on all the available meta packages click here.

The CUDA Toolkit contains Open-Source Software. The source code can be found here.
The checksums for the installer and patches can be found in Installer Checksums.
For further information, see the Installation Guide for Linux and the CUDA Quick Start Guide.
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TensorBoard
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Chapter 04: Semantic Embedding Using
Shallow Models
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Chapter 05: Text Classification Using LSTM
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TensorBoard
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TensorBoard
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Main Graph
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Chapter 07: Named Entity Recognition Using
Character LSTM
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loss

loss

400

0000 10.00 2000 30.00 5000 60.00 7000 80.00 0.0 1000
Name Smoothed Value Step Time Relative
O test_100_pretrain_True 6.111 5.868 34.00 Wed Mar 28,14:32:22 13s
test_300_pretrain_True 3.701 3.696 34.00 Wed Mar 28,14:36:09 11s
loss
loss
14.0
20
00
800
400
200 k—'
000
0.000 5.000 10.00 15.00 20.00 25.00 30.00

Name Smoothed Value Step Time Relative

O test 0.5893 0.5860 19.00 Wed Mar 28, 16:58:38 5s
test_300_pretrain_True 4.307 4219 19.00 Wed Mar 28,14:36:05 7s
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Chapter 08: Text Generation and
Summarization Using GRUs
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Chapter 09: Question-Answering and
Chatbots Using Memory Networks
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Story (2: 2 supporting facts) Hop1 | Hop2 | Hop3
John dropped the milk. 0.06 0.00 0.00
John took the milk there. 0.00
Sandra went back to the bathroom. 0.00
John moved to the hallway.

Mary went back to the bedroom. 0.00
Where is the milk? Answer: hallway Prediction: hallway

0.00
0.00 0.00
0.00

Memory Network

Attention

Output
Memory Module Mesie

Input Question
Module Module

Question

'S

Conversation User Bot
History Utterance Response

I l |
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Hi!
Hello, what can I help you with today?

I'd like to book a table for six people in an expensive price range with British food. Task 1

I'mon it! h

Where should it be? Issuing API calls
In London.

Ok, let me look into some options for you.
api call (British, London, Six, Expensive)
Actually i would prefer for four. Task 2
Sure. Is there anything else to update? as
No. Updating API calls
Ok let me look into some options for you.
api_call (British, London, Four, Expensive)
The Place R phone The Place phone
The Place R _cuisine british
The Place R_address The Place_address
The_Place R_location london
The_Place R_availability four
The Place R _price expensive
The_Place R_rating 7
The_Fancy Pub R phone The Fancy Pub_phone
The_Fancy Pub R cuisine british
The_Fancy Pub R _address The_Fancy Pub_address
The_Fancy Pub R location london Task 3
The_Fancy Pub R availability four Displavi .
The_Fancy_ Pub R price expensive 1splaying Optl()]'lS
The_Fancy Pub R rating 8
What do you think of this option: The_Fancy_Pub

o

R S T S T S

No, I don't like that.
Sure, let me find an other option for you.
What do you think of this option: The_Place
Let's do it!
Great let me do the reservation.
Can you provide me the address?
Here it is: The_Place_address.

You rock!
Task 4
Is there anything else I can help you with?

No thanks. Providing extra-information

You're welcome.

Task 5 Conducting full dialogs
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Chapter 10: Machine Translation Using the
Attention-Based Model

Source Text Target Text
(E.g. English) (E.g. French)
¥ 4
Translation Target Language
Model Model
¥ 4
Input Text Decoder Translation
(English) (Translator) (French)

target output words

Je suis étudiant </s> I loss layer

I projection layer

hidden layer 2

I hidden layer 1

embedding layer

| am a student </s> Je suis étudiant

sourcce input words target input words
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Je suis étudiant </s>

attention
vector

context
vector

attention
weights 05 03 Ol O:L
. ‘_~_'%1':_.::._::1~_

I i
T 1 1o

am student </s> Je suis étudiant
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Chapter 11: Speech Recognition Using

DeepSpeech
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Main Graph
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Chapter 12: Text-to-Speech Using Tacotron
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Highway layers
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Chapter 13: Deploying Trained Models

Object Detection Finegrain Classification

Photo by Juanedc (CC BY 2.0) / / / / / / Photo by HarshLight (CC BY 2.0)
ooo e
|HEI oa ooao

Face Attributes Landmark Recognition

MobileNets

Google Doodle by Sarah Harrison Photo by Sharon Vanderkaay (CC BY 2.0)
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Imagenet Accuracy vs Mult-Adds
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Model Training
—

" Model T~

~N A N Repository |
chunked Tensorflow produce ; . publish
Training ensorflow >
data Model Model vi
GPU EC2 instance \
~ Train and ~N
validate
model V
Model Serving deploy
i predict Tensorflow
clients > Sening

®
&

=5 minutes

Build a solution

Get started with simple wizards and automated workflows.

Launch a virtual machine

With EC2 or Lightsail
=1-2 minutes

Connect an loT device

With AWS leT

Build a web app

©

With Elastic Beanstalk
~6 minutes

6(?; Start a development project
~a ‘? With CodeStar
~5 minutes

L

@

(rww)

Host a static website

With 53, CloudFront, Route 53
=5 minutes

Register a domain

With Route 53
~3 minutes

@ EC2 Instance

For usars with clowd sxponience wha need &
Mamiblis and sealable virtual machine

Why EC2 7

= Fully customizabile instance talonsd to your needs.
+ Seamioss integration wih AWS services,
+ Flexible sohtion that scaks to suppon changing workioads.

Pricing

» Pay 2s you go. L

= Froo-tir slighle.
“This wizand Fid e
options, usa the EC2
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Name your EC2 instance

This is how you will identify your instance in AWS console. Choose a name thal is easy for you io
remember,

tensorflow

Select an Operating System

e
BuseR (IX]
BUBE Linux Uaanbu
Ermerprin Barver 12 Barewr 16004 LTE e oo
]

Dan't see the OF you are looking for? AWS offers additional options through the advanced EC2 Launch
Instanca wizard or you can explore tha AWS Marketplace.

Ubuntu Server 16.04 LTS

Select an instance type

tz LL R
Elmicre o cpton.

t2.micro
1 Cone vCPU {up 10 3.3 GHz), 1 GiB Memory RAM, 8 GB Storage [ ol SlE0TE

Nead a diferant instance typa? AWS offers additional oplions through the advanced EC2 Launch

Irestance wizard,

Create a key pair

Amazon EC2 secures your instance using a key pair. [n this step you will download the private key to
your computer.

Save it in a safe place and use it when you connect to your instance,

tensorflow]
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Q tensorflow

Status: Completed!

Proceed to EC2 console

Launch Instance Connect Actions ¥

(] Name : tensorflow Add filter

@ Name ~ Instance ID « |Instance Type

B tensorflow i-073f5797e4bcbb%e9  t2.micro

Connect

Launch More Like This

]

Instance Settings

Networking
CloudWatch Monitoring

Terminate

»
Image »
»
2

GO TO CONSOLE
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#A Home

{, Cloud Launcher

Billing

APT  APIs & Services

Support

I1AM & admin

@ &

“

Getting started

COMPUTE

@ App Engine

{2} Compute Engine
()  Kubernetes Engine

(+) Cloud Functions

STORAGE

@ Bigtable

&%« Datastore >
=  Storage >
£ sa

e Spanner

NETWORKING

B8 \DO aatuwal N

Google Cloud Platform 8= My First Project ~

VM instances

Instance groups
Instance templates
Disks

Snapshots

Images

Committed use discounts
Metadata

Health checks
Zones

Operations

Quotas

Settings

Cloud Launcher

[} CREATE INSTANCE
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& Create an instance

Name

instance-2

Zone

us-east1-b

Machine type
Customize to select cores, memory and GPUs.

2 vCPUs A4 7.5 GB memory Customize

Container
Deploy a container image to this VM instance. Learn more

Boot disk

b New 10 GB standard persistent disk
Image
Ubuntu 16.04 LTS Change

Identity and AP| access

Service account
Compute Engine default service account v

Access scopes

® Allow default access
Allow full access to all Cloud APIs
Set access for each API

Firewall
Add tags and firewall rules to allow specific network traffic from the Internet

v/ Allow HTTP traffic
[M Allow HTTPS traffic

Management, disks, networking, SSH keys

You will be billed for this instance. Learn more
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@ instance-2  us-east1-b 1014202 35196173127 | SSH [ -]

Open in browser window
Open in browser window on custom port
View gcloud command

Use another SSH client
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