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Agenda

* Introduction to Data and Machine Learning
* Activity: Teachable Machine (50 mins)
* What parts of ML can be Designed?



Activity: Teachable Machine

* https://train.aimaker.space/train

Teachable Machine is flexible — use files or capture examples live. It’s respectful of the way
you work. You can even choose to use it entirely on-device, without any webcam or
microphone data leaving your computer.

Images Sounds Poses
Teach a model to classify images Teach a model to classify audio by Teach a model to classify body
using files or your webcam. recording short sound samples. positions using files or striking poses

in your webcam.



Activity: Teachable Machine

* Step 1. Let’s train a model together!

* Guiding questions:
* What 1s going on in your own words?
* What is the model “learning™?

 What happens when we only use a few examples 1n each category

(n=20)? A bunch of examples in each category (n=500)?



Activity: Teachable Machine

* Step 2: What happens when we “break” it?

* Guiding questions:
* Does THIS machine have a concept of fingers? How about hands?
* What would it take to have 1t recognize different fingers?
* Even 1f we trained it on all 5 fingers, what might it still be
missing?
 When would we want to use a finger-classification? Who would

want to use i1t? Why?



Activity: Teachable Machine

* Step 3: Play around and apply to your domain! (30 mins)

* Guiding questions:

.

What happens when you change the ‘background’? Go into another room or

rotate your computer and try again. What’s happening?

What are some ways you think this could help your field? Who would want to
use 1t? Why would they want to use 1t?

What would they need as the ‘training’ data? How much of it would they need?

What are some ways this might misclassify something? Would that be

acceptable? How might you design ways to prevent that?

What is the form factor you’d want it to take? Does a laptop and web camera
work, or would you need something smaller that would fit into the space? Does it

need to be a camera? What about another type of sensor (weight, photosensor)



What parts of ML can be
Designed?

Partly Adapted from Designing Machine Learning at Stanford Design School



A crash course in Al + ML

A one-pager to get you up to speed on some core concepts including the
difference between Al and ML, and the various types of machine learning.

artificial intelligence (Al)

= the science of getting machines to learn, think,

act, and perform tasks in ways traditionally
attributed to human intelligence

/

narrow Al

= equals or exceeds human
intelligence or efficiency at
a very specific thing

'

machine learning (ML)

.

genera| Al s
= match human
intelligence across
domains + tasks

super Al - not here (yet)
= exceeding

human

intelligence

deep learning

= the ability for machines to learn = artificial neural networks

and infer from large sets of examples
and experience instead of explicitly

programming the rules

/

reinforcement learning

= collect data on the go and
learn from trial and error to
achieve an objective (below left)

iInspired by the human brain
capable of learning from data

that is unstructured

}

supervised
= examples and
data are labelled
(below bottom)

\

unsupervised

= find patterns in large,
non-labelled data sets
(below right)
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A crash course in Al + ML

A one-pager to get you up to speed on some core concepts including the
difference between Al and ML, and the various types of machine learning.

observation reward action




The ML process

To get acquainted with terms and understand how a model arrives at a prediction, it
can be helpful to draw an analogy with a process we're familiar with: baking a cake.

Input Rules Hardware Learning System Output
Data + Algorithm(s) + GPU +  Training > Model -->-
Ingredients Recipe Utensils Practice % Chef % Cake
> 3

Data is the An algorithm  The model Training A model is a
raw material Is a set of requires process taking mathematical
you feed to rules or GPU, and time and representation based
the algorithm step-by-step sometimes tweaking to on the algorithm(s) and
as input to Instructions other learn, create data that is able to
produce a ML tosolve a resources, and improve predict or produce an
model. problem. to run on. Iits model. output and continues

to learn over time.

Disclaimer: Please note this is a highly simplified representation of the real process
which is a lot more complex and consists of plenty subtasks.



What 1s Machine Learning

* Machine Learning algorithms enable the computers to learn from
data, and even improve themselves, without being explicitly
programmed.

Data ——
Computer

Program ——

Data ——
Computer

Output —




Al —> Machine Learning—> Deep Learning

ARTIFICIAL
INTELLIGENCE
MACHINE
LEARNING
o DEEP

0{} LEARNING

1950's 1960's 1970's 1980s 1990s 2000s 2010's

Image: Linked In | Machine Learning vs Deep learning
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Data design

Data

Model design
Model
e Evaluating
Cleaning
Model

Building

Output design

Model
Interaction

Model
Output
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Data design

Data




Data

* All machine learning models need data
* What 1s Data?
* Where does your data come from?

* What is the type() of each of the features (columns)

Testing Data
~30%

Training Data
* Key vocab: ~70%

* Training data - the data you use to train your ML model

* Data type - the type/format of your data (string/integer)
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What 1s Data?

Data can be defined as a representation of

facts, concepts, or instructions in a
formalized manner,

Collected through observations,
measurements, or responses

Suitable for communication, interpretation,
or processing by human or electronic
machines.
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What 1s Data?

What’s Hiding in Your Unstructured Data?

Unstructured
Data

=

Customer/Member

Transactions ﬁ

H Online
Chat \% Communities

Notes &
Text Fields

Structured
Data ‘

NPS/CSAT

Social
Media

Excel &5}

Finance B

Ratings &
Reviews

)
LK O R
P LK I
<4 % § i
. X . . . Innovative Insights.
Source: Graphic adapted from January 2018 CXPA Presentation “The Why Behind the What," Jim Kitterman Driving Resuits.
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What 1s Data?

Structured Data Q) Unstructured Data

Can be displayed
in rows, columns and
relational databases

Cannot be displayed
in rows, columns and
relational databases

Images, audio, video,
word processing files,
e-mails, spreadsheets

Numbers, dates
and strings

Estimated 20% of
enterprise data (Gartner)

Estimated 80% of
enterprise data (Gartner)

E Requires more storage

More difficult to
manage and protect
with legacy solutions

Requires less storage

Easier to manage
and protect with
legacy solutions

Source


https://lawtomated.com/structured-data-vs-unstructured-data-what-are-they-and-why-care/
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The Full Human Data Stack

Open Data E.g. census data

Processed Algorithmic
Data

Shared Data

Personal Data

https://www.citizenme.com/human-data/



Personal Data

Fitness & activity data v=| Actively ask in a survey

o

qap
t

Opening banking ﬁ ﬁ Observe on
o DO SAY social media
Smartphone Eél‘ .. > g
\

app usage (|

Personality @ THINK FEEL Emotions &
Traits Q Q desires
Interests & OO @ \tlelre?: &

Preferences O—

https://www.citizenme.com/human-data/
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What type of data does machine learning
need?

Types of Data

& Quantitative

Data that can be measured with Non-numerical data that is categorical,
numbers, such as duration or speed such as yes/no responses or eye colour
[ )

Whole numbers that can’t Numbers that can be broken Data used for naming Data used to describe the order
be broken down, such as down, such as height or variables, such as hair colour of values, such as 1 = happy, 2
a number of items weight = neutral, 3 = unhappy

A
{ )
Interval U Ratio
Numbers with known differences Numbers that have measurable intervals
between variables, such as time where difference can be determined, such
as height or weight

Source


https://medium.com/@anicomanesh/categorical-encoding-methods-an-overview-ce90eec3cf86
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Categorical

Nominal Ordlnal

7/

Pencn
\

Excellent Good Bad
L a4 E
* N & k&

Fantastic Okay Don'tlike

Source


https://medium.com/@data.science.enthusiast/ways-to-handle-categorical-data-in-python-e89d25c40338
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Text data

COLLECT TEXT DATA FROM ANY SOURCE INCLUDING NEWS, SOCIAL
MEDIA, EMAILS, SURVEYS AND PRODUCT REVIEWS

digibal Vasb leading forms
three e bibi
virual whole bexbua |Iocablons daba approach-. GEeXbG e unread

inberest “** visualizabion °PPOrBunities collection licerabure g . er
processos produced —-— cons|derable |Iberarg reggarcher sere= shabisbical wrocsre
e EUFOPE Gjme Visualiza I H ibi mformablon STM
e e WrIGINGNEW & ana ySIS U'!!?U'm!,ﬁ,s passages

—peve North challenges

u:;soocgllfﬁgaharge approacheShISborlcal inberactions

well-undersbood Ib rﬂuenoe Iflebld bGXbSCOIIeCUlonS
™ wants ¢= v rogram
e CU U a netGwork e’;g;ﬁfs;xvp%z S o

research blbllographlc mw dgnamlcs mabhemabacs SCh OIarS arb WOI‘k hisbory across

W in du de mbellecbual weII socnal b OOI S culbure moggg::su group

‘vr:u ------ ped Ralneg modernism or”
E0nd g aery, I7€86 - machine

Source


https://humtech.ucla.edu/event/text-data-workshop/
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Numerical data

09
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Time series data

1.0 91— NASA Goddard Institute for Space Studies (v4)
—— Hadley Center/Climatic Research Unit (v4.6) ;
0.8 —— NOAA National Center for Environmental Information (v5) !
—— Berkeley Earth '
06 — —— Cowtan & Way ’ : /
f,
0.4 — ‘
)
0.2 '
v

43 B} 5H AELR HK JAK HK g0

2022/10/11/—.15:00 ffy 2979.79 1§ 2973.23 & 267.23 oo

3233.58 -0.4
Temperature Anomaly (°C)

3187.01 06 — Common Baseline 1951-1980

| | | | | | |
3140.44 1880 1900 1920 1940 1960 1980 2000 2020
S093.80 e e e e e e e e 0.00%
3047.29 -1.51%
3000.71 -3.01%
2954.14 -4.52%

_ 2022/09/28/= 2022/09/29/10 2022/09/30/H 2022/10/10/— 2022/10/11/—



26

Where Do We Get Data for ML?

Five of the most popular ML dataset resources:

Go gle — Google’s Dataset Search
=" Microsoft — Microsoft Research Open Data
aWs —> Amazon Datasets
UCI —> UCI Machine Learning Repository

JATA GOV — Government Datasets
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Why 1s data important for ML?

* Big data provides ample amounts of raw material from
which machine learning systems can derive insights.

* A dumb algorithm with lots and lots of data beats a clever
one with modest amounts of it.

@ Community Picks « 2m read time

OpenAl’'s CEO Says the Age of Giant
Al Models Is Already Over

ChatGPT, the chatbot from startup OpenAl, has

A21 3 &) daily dev
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Why 1s ML important to Data?

Data Science - Hierarchy of Needs I

Model Development

Exploration, Sampling

Dimension reduction, sampling
Feature Engineering Data Transformation, Treatment
(Missing Values, Bucketing, Derfving)
Data Treatment

Data Collection




Data Cleaning o

* Format the data in a way that the computer can read it
* Might choose to exclude missing values
* Explore your data - look for trends that might inform you

* Remember - how was your data collected?

How 1s 1t going to be used?

* Key vocab:

* Normalizing - adjusting your data to a common scale

* Remove NA - removing “null” values
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Model design

Model
Evaluating

Model Building




Model Building

* Algorithm vs Model
* Data + Algorithm = Model

Input Rules Hardware Learning System

Data +[ Algorithm(s) ]+ GPU +  Tralning -->[ Model ]

Ingredients Recipe Utensils Practice ' Chef



* Ask yourself: What type of ;

solve?

https://dschool.stan
ford.edu/resources/

broblem are you trying to

| v Do\ aLso o

=) = %?
&/ .
8.8
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BAGEL oR QeNvTT
gma o8 OoNvT?

o 2) BAGEL of DawvTl
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Clustering

1-love-algorithms

Reinforcement
Learning

How Db 1 Sutvive N
TS STEANGLE wediD?
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I

Regression




Model Evaluating

* How well can your model [predict] unseen data?

Number of Positive (P)
predictions that are correct

or True (T) Actual
Spam (+ve) | Not Spam (-ve)
Spam (+ve) ©ooTP ER"
Predictions
Not Spam (-ve) FN ™
Number of Negative (N)

predictions that are wrong
or False (F)

Number of Positive (P)

predictions that are wrong
or False (F)

Number of Negative (N)

predictions that are correct
or True (T)
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Output design

Model
Output




Model Output

* What will the output of your model look like?

* Key vocab:

* Confidence Interval - range of values we are fairly sure our true
value lies 1n

* Multi vs Single Classification - are you predicting membership in
one cat, or multi

* Generative Model - generates plausible values that look like
values in data set



O

Model Interactions

* How do you give feedback to your model?

* How can you leverage the model capabilities to make it
more impactful?

* What do you need to do to transform the model output to
make 1t usable?

* Examples:
* [nteractions to improve model training
 Human input and oversight
 User Experience design to improve usability



