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Intended learning outcomes

By the end of this course, students will be able to
d Analyze user tasks in terms of the levels of control and automation.

1 Recognize that different types of Al systems have different capabilities.

1 Motivate the importance of reliability, safety, and trustworthy Al systems.

1 Choose types of Al that are suitable for the user tasks in their design project.



Shneiderman’s Control x Automation
quadrants



Human z Computer

control automation

Sheridan & Verplank’s

levels of autonomy The Computer-:

10 (High) decides everything and acts autonomously, ignoring the human

9 informs the human only If the computer decides to

8 informs the human only If asked

/ executes automatically, then necessarily informs the human

6 allows the human a restricted time to veto before automatic execution
5 executes the suggestion, If the human approves

4 suggests one alternative

3 narrows the selection down to a few

2 offers a complete set of decision-and-action alternatives

|

(Low) offers no assistance; the human must take all decisions and actions

4 Shneiderman (2022) Human-Centered Artificial Intelligence. Oxford University Press. (Chapters 6 and 8)


https://uzb.swisscovery.slsp.ch/permalink/41SLSP_UZB/rloemb/alma99117808639005508
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High computer automation

Low



Shneiderman’s Control x Automation quadrants

High human control

'Piano Camera‘

 Bicycle Elevator »

« Music box Airbag e
e Landmine Pacemake’

Low

High computer automation
Low

[  Shneiderman (2022) Human-Centered Artificial Intelligence. Oxford University Press. (Chapter 8)
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Shneiderman’s Control x Automation quadrants

High human control

'Human Reliable, saf; il - Design goals

mastery trustworthy

e Plano Camera
e Bicycle Elevator e

Airbag e
Pacemaker e

« Music box Computer
e Landmine Contr(u
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8 Shneiderman (2022) Human-Centered Artificial Intelligence. Oxford University Press. (Chapter 8)
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Exercise: C

ontrol x Automation

I 15 minutes L& work in pairs on one laptop

1. Go to the Miro boarc

, find a place for your pair

2. Copy your list from t
Ctrl+V or Cmd+V) as

ne spreadsheet and paste onto the Miro board (with

sticky notes

3. Work together to place them in the control x automation quadrants

« Discuss why you decided on such a location

. IT you cannot ag

ree on one location, make a copy, and place each

copy in different locations

« Aim for 10-12 sticky notes in the quadrants

4. Last 5 minutes: Reflect on what you learned from the discussion.
Write 1-3 insights from this activity in the poll linked to the left of

your diagram

Low

High humar control

Reliable, safa
trustworthy

' 1+ High ccmputer
Low autometion

chatw.ch/hcai25
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10

T 10 minutes L. L work in pairs

Imagine a far future where technology has
greatly advanced to an ideal state, and
determine the location of each note.
. IT it should be changed, use the pen tool
to draw an arrow to the new location

. IT not, you don’t need to do anything

Last 3 minutes: Write one insight on the poll




Evolved expectation

When technology and
regulation mature, we
should expect better

Human Reliable, saf; technologies
mastery trustworthy

High human
control

||l||

- 'nmu b

Computer
control

' High computer
Low automation

11 Images: Old car: Pixabay via Picryl « Cadillac by That Hartford Guy, via Wikipedia « Waymo car by Dllu via Wikipedia



https://picryl.com/media/oldtimer-auto-classic-transportation-traffic-74f86d
https://commons.wikimedia.org/w/index.php?curid=25151231
https://commons.wikimedia.org/w/index.php?curid=141214663

Human vigilance

High human

control
« Computer controls become

'Human Reliable, saf; more reliable
mastery trustworthy

« Human operators only rarely
need to intervene

« Human attention lapse

» They can no longer intervene

quickly and correctly

Computer

contrcu
Low High computer “sleeping at the wheel”
Low automation

12 Images: Old car: Pixabay via Picryl « Cadillac by That Hartford Guy, via Wikipedia « Waymo car by Dllu via Wikipedia



https://picryl.com/media/oldtimer-auto-classic-transportation-traffic-74f86d
https://commons.wikimedia.org/w/index.php?curid=25151231
https://commons.wikimedia.org/w/index.php?curid=141214663

Reliable, safe, trustworthy

Reliable systems produce expected responses when

High human control

needed. Supports human responsibility, fairness, and

Reliable, safg

trustworthy

explainability.

Cultures of safety are created by managers who focus on
strategies that guide continuous refinement of training,

Computer
control

operational practices, and root-cause failure analyses.

Low

+ High computer
Low automation

A trustworthy system is one that deserves trust, even

; . though stakeholders struggle to measure
regular, honest, and cooperative

behavior, based on commonly - Consumers do not have the skill or effort to assess it.
shared norms’ - Rely on established independent organizations, e.g.,
— Francis Fukuyama’s definition of social consumer advocacy group or respected auditing firms

trust

» Rely on regulations by governmental bodies

13 Shneiderman (2022) Human-Centered Artificial Intelligence. Oxford University Press. (Chapter 7)
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Danger areas

High human control

Excessive human control

'Human Reliable, saf;
mastery trustworthy

e Plano Camera
e Bicycle Elevator e
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Pacemaker o
« Music box Computer
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14 Shneiderman (2022) Human-Centered Artificial Intelligence. Oxford University Press. (Chapter 8)
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Boeln d 737 MAX’s Vertical speed of Ethiopian Airlines 302 after takeoff:

MCAS system 3000 feet per minute
» Angle of attack
| 21 d
sensor fails =i seconds _

. Automated system ——

repeatedly pull the

dlane down

. Pilot had to
repeatedly the -1500 s
Dlane pull up

e 346 peOple died Approximate periods of increasing speed upward (in white) and downward (in red)
Joo—— ] _ ————x pra———— j=—]

from two crashes in . . .
2018-19, Takeoff +1 min. + 2 min.

Data provided by: Flightradar24

15 Diagram: Zerohedge



https://www.zerohedge.com/news/2019-03-14/something-was-extraordinarily-wrong-doomed-boeing-swung-and-down-hundreds-feet

Abbott pain-killer pump

» Nurse programs the concentration
 intended: 5mg/ mL
» entered: 0.5mg/ mL

« Patient received 10x too much!

. Device: 1, ¥4 buttons instead of number pad

» Cost-saving vs. life-saving

Lifecare PCS Plus Il Infuser type 4100

16 PhotoviaeBay


https://www.ebay.com/itm/322241048823

Complex
Software Artificial

Systems - |ntelligence

17 Diagram by Dan M. Russell & Peter Norvig



ELIZA — A Computer Program for the Study of Natural
Language Communication Between Man and Machine

DOCTOR script (c) 1966 Association for Computing Machinery, Inc. E|iza (]964_‘]967)
ELIZA implementation by Ant & Max Hay, 2023 (CCO 1.0) Pub Domain

Type *help and press the Enter key to see a list of commands. 1. Identify keyvvords

HOW DO YOU DO. PLEASE TELL ME YOUR PROBLEM 2.1t no keyword, use a preset response

I'm unsure 1f students are paying attention to the class. 3. :igure out the context
DO YOU THINK ITS LIKELY THAT STUDENTS ARE PAYING ATTENTION TO THE CLASS 4. Choose transtormations
May be, but it is early in the morning 5. Generate reSpPonses

I AM NOT SURE 1 UNDERSTAND YOU FULLY

Perhaps some students are not awake yet

YOU DON'T SEEM QUITE CERTAIN

Yeah

PLEASE GO ON

18 Genealogy of ELIZA «You can try ELIZA yourself at https://anthay.github.io/eliza.html



https://sites.google.com/view/elizagen-org/
https://anthay.github.io/eliza.html

Dendral (1960-70):

« Analyzes mass spectrometry

« Generate possible molecular structures

» Test them against chemistry knowledge base

) IF
100 — éHB\ /\/\[( : :
5 there 1S a nign peak at /f1lamct
80 - McLafferty fragment there is a high peak at 43amu
60 |- / there is a high peak at 86amu

there is any peak at 58amt

40 L molecular 1on

20 | / THEN n

.
0 — T "|[|| ' Il"" | *"l T || —] there must be substructure: “_?_E—T—
0 10 20 30 40 50 60 70 80 90 100 110 ’ -
m/z

Relative Intensity

Dendral history
Diagram by Tim Soderberg via LibreTexts



https://doi.org/10.1145/89482.89484
https://chem.libretexts.org/Bookshelves/Organic_Chemistry/Book:_Organic_Chemistry_with_a_Biological_Emphasis_v2.0_(Soderberg)/04:_Structure_Determination_I-_UV-Vis_and_Infrared_Spectroscopy_Mass_Spectrometry/4.03:_Mass_Spectrometry
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Photo:Kathy Willens/AP Images via Britannica

Diagram from Chess.com

20


https://www.britannica.com/topic/Worry-About-Human-Not-Machine-Intelligence-2119055#/media/1/2119055/229418
https://www.chess.com/blog/Rinckens/how-does-the-deep-blue-algorithm-work
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Watson (2011): Jeopardy! champ

Question

Question
Analysis

Answer
Sources

Sources

Supporting

Evidence Evidence
Retrieval Scoring

Hypothesis | Soft Hypothesis and
Generation ¢ Filtering Evidence Scoring

Hypothesis and

cvidence >SCoring

Diagram: Ferrucci et al. (2010) Building Watson

Photo: IBM
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Al Systems Today
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Title: Decline of Bee Populations and Its Impact on Global Agriculture: Causes,

Consequences, and Sclutions &
3 S
. \*(\\\"3',”'
Introduction RADAR ‘.__f,;,
SENSORS . e
Bee populations worldwide have been experiencing a rapid decline in recent years, posing a BN ( ))
significant threat to global agriculture. These vital pollinators contribute to the fertilization N, ULTRASONIC
RASONIC

and reproduction of approximately 75% of the world's flowering plants, including around

SENSOR

______

35% of global food crops (Potts et al.,, 2016). The decline in bee populations has dire
consequences for agriculture, food security, and the economy. In this article, we will explore /
the causes of this decline, the impact on global agriculture, and potential solutions to \<(

address this pressing issue.



Machine —>

Deep —>

General

Learning Learning Intelligence

Addressed Addressed Addresses
Knowledge Feature Customization
Engineering Engineering bottleneck
bottleneck bottleneck
Data Exemplar Scope Curation
Expert Human Rules Follows High
Systems
Machine + Databases Rules/networks  + Discovers relationships Medium
Learning
Deep + Sensory Deep neural + Senses relationships Low
Learning networks
General + Everything Pre-trained deep + Understands the world Minimal
Intelligence neural networks

23 Dhar (2024) The Paradigm Shifts in Artificial Intelligence



DOI:10.1145/3664804

Read it before the lecture next week.
Content from reading homework is eligible to be
In the exam.


DOI:10.1145/3664804
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Learning Learning Intelligence

Addressed Addressed Addresses
Knowledge Feature Customization
Engineering Engineering bottleneck
bottleneck bottleneck
Data Exemplar Scope Curation
Expert Human Rules Follows High
Systems
Machine + Databases Rules/networks  + Discovers relationships Medium
Learning
Deep + Sensory Deep neural + Senses relationships Low
Learning networks
General + Everything Pre-trained deep + Understands the world Minimal
Intelligence neural networks

25 Dhar (2024) The Paradigm Shifts in Artificial Intelligence
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Explosion in computation

Expert Machine

—»

Deep —>

General

Systems Learning ‘ Learning ‘ Intelligence

Training compute (FLOPs) of milestone Machine Learning systems over time
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26 Sevilla et al. (2022) Compute Trends Across Three Eras of Machine Learning
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https://epoch.ai/blog/trends-in-training-dataset-sizes

Value from Al technologies: Today = 3 years
(2023) (2026)

Generative Al

P Pl o) 11:43/36:54 - Al opportunities

28 Andrew Ng (2023) Opportunities in Al on YouTube



https://www.youtube.com/watch?v=5p248yoa3oE

Value from Al technologies: Today = 3 years
(2023) (2026)

Generative Al

- Leailninyg

l Reinforcement

} >l iD 13:01 / 36:54 « Al apportunities >

29 Andrew Ng (2023) Opportunities in Al on YouTube



https://www.youtube.com/watch?v=5p248yoa3oE

Explosive growth,
“4" industrial revolution”

- investment & research = flexpectations, results)

1980s
New hopes
1970's oW 2007
Inflated Hype . anan
1956 explosion  Concerns
Dartmouth led to about Al
Conference improved implications:
1974-1980 1987-1993 features regulatory
Al Winter | Al Winter || learning trends

1950 1960 1970 1980 1990 2000 2010 2020

Top-down kowledge representation: Bottom-up kowledge representation:
Symbolic Al Connectivism

30 Francesconi (2022) The winter, the summer and the summer dream of artificial intelligence in law



https://doi.org/10.1007/s10506-022-09309-8

Phase 1 Phase 2 Phase 3
Initial Buzz Challenges Tangible Benefits

® Generative Al

Peak of
Inflated
Expectations

Plateau of
Productivity

Expectations

Trough of
Disillusionment

Slope of

Gartner Enlightenment

Hype Cycle

Time

31 Diagram: Brent Dykes from Gartner via Forbes


https://www.forbes.com/sites/brentdykes/2023/08/30/generative-ai-three-key-factors-that-will-elevate-it-beyond-the-hype/

Capabilities of Al systems

32 Peter & Riemer (2024) Wondering what Al actually is? Here are the 7 things it can do for you

(an online article on The Conversation website)

THE Al CAPABILITIES STACK

o GENERATION

CC BY-NC-ND. Sandra Peter, Kai Riemer, 2224

Al creates origiral content that
mimics characteristics of its
training data, such as text,
images, viceo, cr sound.

© ruromarion

Al operates with greater
autonomy building on
predictive capabilities.

@ recoMMENDATION

Al recommends the mcst suitable
option from a set of alternatives
based on past behaviour.

€© PrepicTiON

Al predicts future outcomes
based on fristor cal patterns.

€) cLASSIFICATION

Al classifies patterns into
distinct categores.

o RECOGNITION

Al recognizes patterns in
data, such as images,
text, or sound.



https://doi.org/10.64628/AA.x7wx7cew7

Exercise: How search works

T 10 minutes

1. Take a piece of paper and draw how Google Search works — according to your

understanding

2. Turn to your neighbor and explain to each other what you drew

33 Basedon Dan M. Russell & Peter Norvig course




Different models of how a system works

Designer’s conceptual model — conception of the look, feel,
and operation of a product. The system image is what can
be derived from the structure and operation.

User’s mental model developed by interaction with the
product and by extrapolation from previous, similar systems

Designers expect the user’s model to be identical to their
own, but because they cannot communicate directly with
the user, the burden of communication is through the
design

Mental models are usually incomplete.
They may be inaccurate.
They are updated as little as possible.

34 Diagram: Norman (2013) The Design of Everyday Things: Revised and Expanded Edition (p. 32)



https://uzb.swisscovery.slsp.ch/discovery/search?query=any,contains,The%20Design%20of%20Everyday%20Things:%20Revised%20and%20Expanded%20Edition&tab=41SLSP_UZB_DN_and_CI&search_scope=DN_and_CI&sortby=date_d&vid=41SLSP_UZB:UZB&facet=frbrgroupid,include,9051107497716093376&offset=0

35
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« Some psychology of learning that are used in
designing (non-Al) interactive systems

» Description of users’ mental model and designer’s
conceptual model

« Questions to consider when analyzing users’ tasks
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Homework

« Chapter 11 from Johnson (2020) Designing with the Mind in Mind (3 ed.)
 Focus on the following sections on pp. 179 - 199
« We learn faster when operation is task focused, simple, consistent, and predictable
» When risk is low, we explore more and learn more

« Dhar (2024) The Paradigm Shifts in Al

« Peter & Riemer (2024) Wondering what Al actually is? Here are the 7 things it can do for you

» Read the course syllabus and note down any questions you may have

4§ Read before the lecture next week

I Next lecture will be on Thursday, September 25 (no lecture on Wednesday)


https://doi.org/10.64628/AA.x7wx7cew7
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You know we've reached peak interest in artificial intelligence
(AI) when Oprah Winfrey hosts a television special about it. Al is
truly everywhere. And we will all have a relationship with it —
whether using it, building it, governing it or even befriending it.

But what exactly is AI? While most people won’t need to know
exactly how it works under the hood, we will all need to
understand what it can do. In our conversations with global
leaders across business, government and the arts, one thing stood
out — you can’t fake it anymore. Al fluency that is.

Al isn’t just about chatbots. To help understand what it is about,
we've developed a framework which explains the broad broad
range of capabilities it offers. We call this the “capabilities stack”.

We see Al systems as having seven basic kinds of capability, each
building on the ones below it in the stack. From least complex to
most, these are: recognition, classification, prediction,
recommendation, automation, generation and interaction.

Recognition

At its core, the kind of Al we are seeing in consumer products
today identifies patterns. Unlike traditional coding, where
developers explicitly program how a system works, Al “learns”
these patterns from vast datasets, enabling it to perform tasks.
This “learning” is essentially just advanced mathematics that
turns patterns into complex probabilistic models — encoded in
so-called artificial neural networks.

Once learned, patterns can be recognised — such as your face,
when you open your phone, or when you clear customs at the
airport.

Classification

Once an Al system can recognise patterns, we can train it to
detect subtle variations and categorise them. This is how your
photo app neatly organises albums by family members, or how
apps identify and label different kinds of skin lesions. Al
classification is also at work behind the scenes when phone
companies and banks identify spam and fraud calls.

In New Zealand, non-profit organisation Te Hiku developed an
Al language model to classify thousands of hours of recordings
to help revitalise Te Reo Maori, the local indigenous language.

Prediction

When Al is trained on past data, it can be used to predict future
outcomes. For example, airlines use Al to predict the estimated
arrival times of incoming flights and to assign gates on time so
you don’t end up waiting on the tarmac.

Similarly, Google Flights uses Al to predict flight delays even
before airlines announce them.

In Hong Kong, an Al prediction model saves taxpayer money by
predicting when a project needs early intervention to prevent it
overrunning its budget and completion date. And when you buy
stuff on Amazon, the ecommerce giant uses Al to predict
demand and optimise delivery routes, so you get your packages
within hours, not just days.

Recommendation

Once we predict, we can make recommendations for what to do
next.

If you went to Taylor Swift’s Eras tour concert at Sydney’s Accor
stadium, you were kept safe thanks to AI recommendations. A
system funded by the New South Wales government used data
from multiple sources to analyse the movement and mood of
the 80,000 strong crowd, providing real-time recommendations
to ensure everyone’s safety.

Al-based recommendations are everywhere. Social media,
streaming platforms, delivery services and shopping apps all use

past behaviour patterns to present you with their “for you” pages.

Even pig farms use pig facial recognition and tracking to alert
farmers to any issues and recommend particular interventions.

Automation

It’s a small step from prediction and recommendation to full
automation.

In Germany, large wind turbines use Al to keep the lesser spotted
eagle safe. An Al algorithm detects approaching birds and
automatically slows down the turbines allowing them to pass
unharmed.

Closer to home, Melbourne Water uses Al to autonomously
regulate its pump control system to reduce energy costs by
around 20% per year. In Western Sydney, local buses on key
routes are Al-enabled: if a bus is running late, the system predicts
its arrival at the next intersection and automatically green-lights
its journey.

Generation

Once we can encode complex patterns into neural networks, we
can also use these patterns to generate new, similar ones. This
works with all kinds of data — images, text, audio and video.

Image generation is now built into many new phones. Don’t like
the look on someone’s face? Change into a smile. Want a boat on
that lake? Just add it in. And it doesn’t stop there.

Tools such as Runway let you manipulate videos or create new
ones with just a text prompt. ElevenLabs allows you to generate
synthetic voices or digitise existing ones from short recordings.
These can be used to narrate audiobooks, but also carry risks
such as deepfake impersonation.

And we haven’t even mentioned large language models such as
ChatGPT, which are transforming how we work with text and
how we develop computer code. Research by McKinsey found
that these models can cut the time required for complex coding
tasks by up to 50%.

Interaction

Finally, generative Al also makes it possible to mimic human-like
interactions.

Soon, virtual assistants, companions and digital humans will be
everywhere. They will attend your Zoom meeting to take notes
and schedule follow-up meetings.

Interactive Al assistants, such as IBM’s AskHR bot, will answer
your HR questions. And when you get home, your Al friend app
will entertain you, while digital humans on social media are
ready to sell you anything, any time. And with voice mode
activated, even ChatGPT gets in on the inter-action.

Amid the excitement around generative Al, it is important to
remember that Al is more than chatbots. It impacts many things
beyond the flashy conversational tools — often in ways that
quietly improve everyday processes.

THE Al CAPABILITIES STACK

@) INTERACTION
Al facilitates user
interactiors as chathots
or life-like avatars.

O ceneration
Al creates origiral content that
mimics characteristics of its
training data, such as text,
images, vicec, cr sound.

e AUTOMATION
Al operates with greater
autonomy building on
predictive capabilities.

O RECOMMENDATION
Al recommends the mcst suitable
option from a set of alternatives
based on past behaviour.

o PREDICTION
Al predicts future outcomes
based on histor cal patterns

©) cLASSIFICATION
Al classifies patterns into
distinct categores.

o RECOGNITION

Al recognizes patterns in
data, such as images,
text, or sound.

CCBY-NC-ND. Sandra Peter, Kai Riemer, 2024



Debrief question

When you design an Al system, why is it useful to analyze the level of control x automation?

nttps://chatw.ch/hcai25 High human control

[m] 7% [m]

Reliable, safg
trustworthy

Computer
control

Low

1 High computer
Low automation

—} Deep —}
‘ Learning ‘

39 I Next lecture will be on Thursday, September 25 (no lecture on Wednesday)

Under Lecture 2 section,

click Debrief question
Learning

When you are done, you may leave

General
Intelligence




40

Supplemental slides
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THE Al CAPABILIT

RECOMMENDATION

Al recommends the most suitable
option from a set of alternatives
based on past behaviour.

e PREDICTION
Al predicts future outcomes
based on historical patterns.

€ cLAssIFICATION

Al classifies patterns into
distinct categories.

@ recocniTion

Al recognizes patterns in
data, such as images,
text, or sound.
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— - Poll responses

Anonymous
This Teachable Machine is learning very fast with very
few examples.

Anonymous

Did an acceptable job comparing stock photos of
different dog breeds, somewhat correct in identifying
mixes

Anonymous
If you add a background class, it kind of tunes out the
background noise.

Anonymous

It recognised all our bottles (we trained it to be able to
recognise three different ones) pretty accurately. Though
as two of the bottles were white it had issues telling them
apart from certain angles probably as we didn’t give
enough information (aka pictures) for the model to be
able to distinguish them.

Anonymous
The model worked very well and recognized different
phones as well as a protein drink reliably

Anonymous
Would be nice if it could flag things as unknown instead
its not something it has seen during training

Anonymous
mixed objects can also be recognized

Anonymous
It picked the distance to the object as a feature

Anonymous

dogs v cats - 15 images each an it worked without
exceptions

but we think it was also due to high quality of images &
clear visibility of the animals

Anonymous

It picked the most distinguishable feature as the classifier
- between me (Asian) and my friend (Slavic) it picked hair
color

Anonymous

the more content you give, the better it works, although if
it has so much content in the background, then it messes
up a bit

Anonymous

The model works surprisingly well with little data, but
struggles when objects are too similar or not in the
training set, is highly influenced by how and with what
quality it is trained, and often fails with new backgrounds
or noisy data.
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Anonymous

One of the issue that we faced while training the model
was that we did training of model for a water bottle, and
our bottle being transparent caused an issue as the
model was catching the things in the background

Anonymous

The overall performance of the model is underwhelming.

The model even after rigourous training failed to identify
simple images. The model predicted wrong class if the
color of the item changed.

Anonymous
Works better with netural background rather than e.g.,
the classroom

Anonymous
Same objects with different colors are not recognized
(black smartphone and white smartphone)

Anonymous
quickly functioned

Slides for today will be available around the middle of this lecture.
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