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Future of Privacy Forum

The Supporters
150+ 25+ 15+ 5
Companies Leading Advocates and Foundations
Academics Civil Society

The Mission

Bridging the policymaker-industry-academic gap in privacy policy
Developing privacy protections, ethical norms, & responsible business practices

The Workstreams

Al & Ethics Apps & Ad Tech Privacy Enhancing Tech
Student Data Mobility & Location Smart Communities
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Classes Date

1. Artificial Intelligence and Machine Learning 250ct 2018 Brussels
2. Location Data: GPS, Wi-FI, &andSpatial Analytics 27 Nov 2018 Brussels

3. De-Identification, Differential Privacy, and Homomorg

The Digital Data Flows Masterclass series is an :
educational program designed for regulators, EﬂCI’VD’[IOn 30 Jan 2019 Brussels

¥ policymakers, and staff seeking to better understand 4. Online Advertising, Data Flows, Behavioral Targeting

. thg data-driven technologies at the fqrefront of Cross-Device Tracking 1 May 2019 Wash. D(
privacy and data protection law & policy.

5. Mobile Apps: Operating Systems, Software Developn
Kits (SDKs), and User Controls 25Jul 2019 Virtual
6. Facial Recognition and Biometric Data 21 Feb 2020 Wash. D(
/. Connected Cars and Autonomous Vehicles 25 Jun 2020 Virtua
8. Blockchain Technoloties 29 Oct 2020 Virtua
9. Machine Learning and Speech 9Dec 2020 Virtua
o
‘ Access recordings and materials for all

previous classes at www.fpf.org/classes
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Speakers

Professor Marine Carpuat, Associate Professor In
Computer Science at the University of Maryland

Dr. Prem Natarajan, VP, Alexa Al-NU
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Outline

Evolution of Al
A The Origin Story: Historical development
A Salient science and technology advances

Transformational Advance: Machuh@arning powered Al

Human Computer Interaction and Conversational Al
A Case Study: Alexa

Learning with Less Labeled Data

Socletal Impact
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Golden Age of Al TodayExplosion of Al Applications
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Al Technological Evolution

Good Interpretability Poor Interpretability

Computational Power

Recognition Errors

é Y )
Hand Crafted Features Automatic
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Common Theme: Data Driven Machine Learning
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Supervised ML: Most Popular Version of ML

New/Test Data

°

\4

ML

Unlabeled Data Annotators Labeled Data ML Model
Samples Samples Training

Prediction
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Supervised ML: Example

New/Test Data

Unlabeled Data Annotators Labeled Data ML Model : ke
Samples Samples Training IR R ik
Prediction | 1
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Traditional Machine
Learning

Deep Neural
Networks

|
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Handcrafting
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Automatically
Learned Features

4 N 4
Statistical Error
"*|1 Model Training |*" Evaluation
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Al+ML: Powering
Our World Today

_2 Theory
5
Social Privacy +
Forecasting Security
© Al + ML i
Language Medicine
“ L
Immersive + Robotics
Games
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Evolution of Human Computer Interfaces
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Conversational Al Timeline

< > < >
Era of Hidden Markov Models & Neural Winter Era of Deep Learning
(D)ARPA Speech Small Vocabulary Speech Broadcast News Language Translation Personal Assistants
Understanding Recognition Telephony Speech
|
P \ | |
1970 1980 1990 2000 2010 2020

Voice typewriter Name Dialing Call Routing

Directory Assistance
Automotive

Google Now
Cortana



Our Mission for Conversational Al

Build worlaclass Al technologies that make
Alexa the most natural, competent, and trusted
personal assistant, advisor, and companion for

all customers
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Alexa Voice Automatic Speech
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COMPETENCY

100,000+ skills
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Deep Learning with Less Labeled Data

= Active Learning

Transfer Learning

AWS Host =l Cross Lingual Projections

@ il Semisupervised Learning

SelfLearning, .

@ — .~ Teachable Al
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Active Learning

Feshierlied ¢

X X X %g( o >§<< X XX X
% XX ><3§< X i&% XX o
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s HBK R XX Different loss functions (white
» lines) divide training data in
L5 X different ways.
X </
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Data Rich sessnsnnsnnsnnnnnnnnnnnp [ Ata Sparse

Weather, Restaurants Recipes
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Transfer Learning: Unsupervised RFiraining + Tasksupervised Finguning

Finetuning vs. Training from Scratch

Labeled data for each
Unlabeled text task

Baseline:
Random
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Taskspecific Fin
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#Training Data Size .
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Semisupervised Speech Recognition Training

1MM hours of
unlabeled data

Unlabeled Labeled data
data

d_essons from Building Acoustic Models with a Million Hours of Sp&sebHari Krishnan Parthasarathi, Nikko Strom Amazon.gorﬁ

https://arxiv.org/abs/1904.01624
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Learning toParaphrase

, S T NOT UNDERSTOOD
’ ols Bosnia still a . FIRST PASS

country nowz § § QA PROVIDERS
ORIGINAL UTTERANCE § .
: —
m%:;:% - < - - > dsBosniaa Country’é
e GET PARAPHRASE
........... ] . PARAPHRASER
dYes, Bosnia and 4 T
Herzegovinaisa UN «........ E o | | !
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SeltLearning in the Field
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SeltLearning in the Field Modular View

Play Sirius XM Chill % Play Channel 53 on Sirius XM &/
AlteluEtic ke Automatic Query _ gjriys XM Chilly Sirius Channel 53
Detection Reformulation

Implicit or Explicit B
Customer Feedback . RS E L
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Teachableal

A Goalt Learn new concepts and preferences through direct and interactive teaching by customers
A Launched in November 2020 in the US

A Example:
User Alexa, play this song at full blast
AlexsY L R2y QU 1Yy26 6KIFIG FdzZAf oflad YSIyax
User full blast means maximum volume
Alexa thank you, playing song at maximum volume
A Integrates natural language understanding with comnsamse reasoning Ko

Use ! f SEIS AdQa O2fR AYy KSNB
Alexa OK, should | increase the temperature of the thermostat?- e .
X X IR JIH
: . ‘ |
.+ Q) alexa ai
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Moving Up the Al Stack
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Socletal Impact
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Al Helps Kaden Find his Voice




Real World Impact, Teaching English in India
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