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Agenda

* Why should we care about AI?
* Hear what people from different sectors talk about Al

 Who are the stakeholders?

* What 1s Artificial Intelligence?

* Course logistics
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Al and Healthcare Industry
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Al and Automotive Industry

(Gloriousinsight
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Al and Bussiness




DS323: Al in Design 7

How will AI change the world




Who are the stakeholders?

Al Research Trends
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Key
Dimensions

Lifecycle
Stage

TEVV

Activities

Representative Actors

Lifecycle and Key Dimensions of

Application

Context

Plan and
Design

TEVV includes
audit & impact
assessment

Articulate and
document the
system’s concept and
objectives, underlying
assumptions, and
context in light of
legal and regulatory
requirements and
ethical considerations.

System operators;

end users; domain
experts; Al designers;
impact assessors;
TEVV experts; product
managers; compliance
experts; auditors;
governance experts;
organizational
management; C-suite
executives; impacted
individuals/
communities;
evaluators.

an Al System

and
Planet

Artificial Intelligence Risk Management Framework by

National Institute of Standards and Technology, USA


https://nvlpubs.nist.gov/nistpubs/ai/NIST.AI.100-1.pdf
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Al Design Manager in Microsoft

Amsterdam, Noord-Holland, Netherlands + 2 more locations

Q Save @ Share job

* No longer accepting applications

Date posted Aug 25, 2023 Job number 1575794

Work site Up to 50% work from home Travel 0-25 %

Role type People Manager Profession Design & Creative

Discipline Product Design Employment type Full-Time
Related Readings:

* https://jobs.careers.microsoft.com/global/en/job/1575794/Al-Design-Manager
» What Is the Role of an Al Designer? By Director of Product Design at Facebook
e How Is AI-Centered Product Design Different?



https://jobs.careers.microsoft.com/global/en/job/1575794/AI-Design-Manager
https://amandalinden.medium.com/what-is-the-role-of-an-a-i-designer-6943711046ec
https://blog.prototypr.io/how-is-ai-centered-product-design-different-906cf478e49c
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Overview

Do you enjoy designing innovative bleeding edge solutions and love to learn and tackle
new challenges including building and managing the right team, creating goals for them to
execute against, and delivering a high quality product? Do you like to direct the design of
holistic experiences from storyboards, wireframes, motion studies to visual comps and lead
the design and development of interactive prototypes?

As an Al Designer Manager for our Al Acceleration Studio, this is your opportunity to use
your experience and expertise to design and develop concepts that optimise the emotional
and functional experience of a product, software, device, or service. Your ability to bring the
latest Al technologies to life will allow you to partner with some of our most strategic
partners as you get to solve exciting business problems, produce compelling product
stories, and collaborate with Microsoft product teams.

With your team, you will be working side-by-side with customers and their engineering
teams to build visual and interactive designs that leverage generative Al and other leading
edge Al capabilities. As part of our Industry Solutions Engineering (ISE) organisation, you
will thrive as you work with a variety of customers across different industries and get to
broaden your knowledge and skills as you interact with the latest technologies.

ISE is a global engineering organisation that works closely with our customers’ engineers to
jointly develop code for cloud-based solutions that can accelerate their organization. We
work in collaboration with Microsoft product teams, partners, and open-source
communities to empower our customers to do more with the cloud. We pride ourselves in
making contributions to open source and making our platforms easier to use.

In addition, ISE is part of the Microsoft Industry Solutions organization and is a global
organization of over 16,000 strategic sellers, industry experts, elite engineers, and world-
class architects, consultants, and delivery experts who work together to bring Microsoft's
mission of empowerment — and cutting-edge technology - to life for the world’s most
influential customers. We are on the front lines of innovation, working side-by-side with
customers to drive value across the entirety of their digital transformation journey.

Our team prides itself on embracing a growth mindset, inspiring excellence, and
encouraging everyone to share their unique viewpoints and be their authentic selves. Join
us and help create life-changing innovations that impact billions around the world!

Watch this video to learn more about who we are and what we

do: https://aka.ms/csevideo.

Qualifications

Experience working in product or
service design with an ability to
use design thinking to solve
problems

Experience of managing a team
of designers

Experience in delivering products
or solutions to customers
following an end-to-end design
process

Familiarity with Al technologies
Knowledge of responsible Al
principles and artificial
intelligence technologies
Proficiency with prototyping
technologies, and adept at

iterative design processes

e Demonstrated ability of working
with internal and external
stakeholders at all levels in an
enterprise organization

e Bachelor’s or Master's Degree in
Industrial Design, Product
Design, Human Computer
Interaction, or a related field OR
equivalent experience

There is a lot of customer interaction in
this role and travel can be up to 50% of
the time.

#|SEngineering
#INDSOL
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Emerging Tech
X
Design

If we want technology to represent all of us, it needs to be
created by all of us.

https://dschool.stanford.edu/emerging-tech
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SCHOOL OF
DESIGN

Bl FoRt s goal

&?IGN ik /’\?

BRI EREPR

DESIGNING AND BUILDING
Al PRODUCTS AND SERVICES

DT03021 s8Rt AE

Design of Al Products and Services

Course Information
Course Number

HCI Undergraduate: 05-317
HCI Graduate: 05-617

HASSO PLATTNER

Institute of Design at Stanford

DESIGNING MACHINE LEARNING

Dive into this popular class which
takes a multidisciplinary, human-
centered approach to designing

systems of machine learning and Al.
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Current status of representation

* Most of the Al systems are made by PhD 1n machine
learning, who often lacks expertise in giving form to new
products or services within human contexts and
environments.
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Current status of representation

Number of Significant Machine Learning Systems by Domain, 2022

Source: Epoch, 2022 | Chart: 2023 Al Index Report

Language 23
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Other- 1
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Number of Significant Machine Learning Systems
Figure 1.2.1°

6 There we | significant Al machine learning systems released in 2022, according to Epoch; however, one of the systems, BaGualu, did not have a domain classification
and is ther@fore omikted from Figure 1.2.1.


Website/DS323-2023Autumn-Ref-HAI-AI-Index-Report-2023.pdf
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Current status of representation

Number of Significant Machine Learning Systems by Sector, 2002-22

Source: Epoch, 2022 | Chart: 2023 Al Index Report
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Figure 1.2.2


Website/DS323-2023Autumn-Ref-HAI-AI-Index-Report-2023.pdf
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Current status of representation

Number of Significant Machine Learning Systems by
Select Geographic Area, 2002-22

Source: Epoch and Al Index, 2022 | Chart: 2023 Al Index Report
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s
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Training Cost
(in Millions of U.S. Dollars)

Current status of representation

Estimated Training Cost of Select Large Language and Multimodal Models

Source: Al Index, 2022 | Chart: 2023 Al Index Report

B Mid M High

B Low

-2

G

2019

o

o

(4}
-
O
~

T5-11B

=
D
~

o

-

= 3

Meena

Turing NLG

2020

—r
00
o

GPT-3 175B

.02 0.0
8 8 © ¢
2 2 2 3 8
< T B £ 0O
Do?jn_g_

= 6 £

' I

]

©

(]

=]

2

2021

ERNIE 3.0

9 043 027 o1 014

Codex

11.35

2 2|3 8 £ 8 ¢ B 3% 8 3
e 19 % 2 &8 & £ 8 I 9
40-‘5_8225,‘0«:%:9
z = % © 3 s e O
) = = e
£ o - £
5 G = =
iy .2
: :
= £
: 3
= o)

S

»

2022

Figure 1.2.17


Website/DS323-2023Autumn-Ref-HAI-AI-Index-Report-2023.pdf

DS323: Al in Design

Current status of representation

* Frontier Al technology such as generative Al systems are
introduced to the general public without enough risk
control: Lack of trustworthiness in Al

What is your experience with
generative Al?
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Generative Al-related risks that organizations consider relevant and are working to mitigate,
% of respondents’

Organization considers risk relevant Organization working to mitigate risk

Inaccuracy [ GG 56 I 32
Cybersecurity _ 53 I :s
Intellectual-property infringement _ 46 _ 25
Regulatory compliance || 45 [ BE
Explainability ||| 30 B s
Personal/individual privacy || | S 39 B 20
Workforce/labor displacement _ 34 B 3
Equity and fairness _ 31 B ¢
Organizational reputation _ 29 B ¢
National security - 14 B4
Physical safety - 11 . 6

Environmental impact - 11 Hs
Political stability [Jij 10 12
None of the above |1 - 8

‘Asked only of respondents whose organizations have adopted Al in at least 1 function. For both risks considered relevant and risks mitigated, n = 913.
Source: McKinsey Global Survey on Al, 1,684 participants at all levels of the organization, April 11-21, 2023



What 1s Artificial

Intelligence?
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Al 1n Classroom




DS323: Al in Design

Think about an Al product or service

* How 1s Al used in the product or service (what does it actually do)?
* What does the Al take as input and provide as output?
* How does the use of Al produce value for the user?

* How does the use of Al produce value for the product maker or service

company?

* What kind of Al is used ... what machine learning method, etc.? It’s OK if

you do not know. Many products and services do not make this clear.
* What kind of errors does the system make?

« How well does it need to work to be valuable?



What do we mean by Artificial Intelligence?

Al is a machine’s ability to perform the cognitive functions

we associate with human minds,

such as perceiving, reasoning, learning, interacting with an environment, problem solving,

and even exercising creativity.
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The Natural vs. The Artificials

The Natural

Let’s begin by asking a simple question:

what is the natural, and what about the artificial?

The Artificial

https://icons8.com/


https://icons8.com/
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The Natural vs. The Artificials
@ fea ol B W

& 2 & W 4 @

The Natural

We can generally describe the natural as anything that already existed on earth.

Or anything that is not made by the human, including the human



https://icons8.com/
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The Natural vs. The Artificials

We can generally describe the artificial as everything other than the natural.

Or anything that is made by the human

The Artificial

? & 7
=5

L &S A
T ¢ =A < B
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The Natural vs. The Artificials
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The Natural vs. The Artificials
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The Natural vs. The Artificials
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The Natural vs. The Artificials
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The Natural vs. The Artificials
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The Natural vs. The Artificials
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Decision Making as an Optimization Problem

* Optimization 1s an inherently
mathematical subject.

* It is about maximizing or minimizing some
mathematical function to arrive at the best
possible solution to a problem, and
involves creating design options that are
shaped by certain outcomes as they are
being created.

* Optimization problems arise in all kinds

of fields, from aerospace engineering to \
architectural design. NXR 777

* However, regardless of domain, every
optimization problem has three features:
* An objective function.
* Constraints.
* Data.
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Decision Making as an Optimization Problem

* Without any loss of generality an optimization problem can be defined by:

If to max f;,,

<« mi L
. —_
then use —f,,, instead. n }m(x) X;m 1,...,. M

)

s.t.|  gj(x) <0 xij =1,

]
h(x)=0 xik=1,.,K
e, N

s. t. means subject to [+

L _
xF<x; <xf xi=1,
x € () xl-L

)

* where
« x; represents the i-th variable to be optimized, x* and x its lower and upper bound,
* The variables that defines describes the problems, more if the problem is complex, less if simple
* fm the m-th objective function,
* Your goal, or the decision you want to make
* g; the j—th inequality constraint and
* A type of constraints that you need to satisfy within a range

* hy the k-th equality constraint. 7
* Another type of constraints that you MUST/WANT TO satisfy for sure
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Objective Function

* An objective function 1s the output that you want to maximize or minimize. It is
what you will measure designs against to decide which option is best.
* The objective function can be thought of as the goal of your generative design process.

* In finance, the objective function is usually to maximize portfolio value; in acrospace
engineering the objective is often to minimize weight.

N

* In generative design workflows, we
are not limited to one objective ('single
objective optimization') - we can also
have multiple objectives or goals that
we are trying to optimise our design
against ("multi-objective optimization').

objective(s)

objective(s)

N
7
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Constraints

* A constraint is a condition that the solution of an optimization problem must satisfy. In
the table example we saw earlier, the constraints could be:

* 'the table must have four legs'

* 'the table must be at least 50cm wide'
* 'the table may be no more than 1m tall', or 5
* 'the table cannot be blue’.

* Constraints give a model its realism

* they ensure that a solution only includes
realistic values or values that the user
knows are critical to the design brief.

* [If amodel is unconstrained, it's likely to
return absurd results that aren’t useful

 for example, here it could be a circular constrain

table that is three metres high with a single <3
leg that balances on a point. fx)
X=3 -

* Constraints are vital because they ensure that
a generative design algorithm outputs something realistic and reasonable.
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Data

* Data is the fundamental 'stuff' that you feed into your optimization model - the inputs and
outputs that the objective function and constraints use to produce design solutions.

* In design, data could be the density or price of construction materials, how many hours of
sunlight a room can expect to receive in a day, or any goals that are important to your design
exploration that you can define mathematically. In finance, data could be the assets you can
buy or sell, and their prices; or, in the aerospace industry, data could be the unit weights and
costs of carrying a certain kind of fuel.

A

data: inputs
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Data

* The optimization model in the generative design toolkit takes this data and uses it to
maximize or minimize values as specified by the designer.

* Real-world optimization problems are invariably solved algorithmically and there are often
many algorithms that can solve the same problem. The most common algorithm used in

Generative Design for architectural and engineering workflows is called the 'genetic
algorithm'. We will cover this later on.

VS

A\

\%

easy to navigate graph hard to navigate graph
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Defining Goals

* When it comes to generative design processes, it is vital that you know your design
parameters inside and out. Every good generative design project starts with a clear and
precise understanding of the design problem and a clear description of the goals.

* Algorithms are great at churning through thousands of design options very quickly, but they
don’t perform nearly as well if they're given vague or imprecise instructions. You must be
able to define your problem in a mathematical way (i.e., with some sort of number that can
be used to rank outcomes).

N
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Defining Goals

* Some good questions to ask when formulating design goals are:

* Being able to confidently answer at least some
of the questions above is a good first step to figure
out precisely which objectives your computational
procedure should have.

What do you want to achieve?

Which features must your ideal design have?

Which features cannot appear in your ideal design?

Do you simply want to see a lot of design options?

Do you want to optimize your design for some specific characteristic?

Do you want to optimize your design for multiple competing characteristics?

What would you like to maximize? Why?

What would you like to minimize? Why?

Can your maximization or minimization question be quantified mathematically? If so, how precisely?

N

W
W
W
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Decision Making as an Optimization Problem

* Be aware of the complete optimization problem helps you
* to identify the challenging facets of your optimization problem and, thus,

* to select a suitable algorithm Refer to the text if interested

Variable Types.

« The variables span the search space Q of your optimization problem. Thus, the type of variables is an essential aspect of the problem to be paid attention to. Different
variables types, such as continuous, discrete/integer, binary, or permutation, define the characteristics of the search space. In some cases, the variable types might be even
mixed, which increases the complexity further.

Variable Types

Number of Variables.

« Not only the type but also the number of variables (N) is essential. For either a very small or large number, different algorithms are known to work more efficiently. You
can imagine that solving a problem with only ten variables is fundamentally different from solving one with a couple of thousand. For large-scale optimization problems,
even the second-order derivate becomes computationally very expensive, and efficiently handling the memory plays a more important role.

Number of Variables

Number of Objectives.

« Some optimization problems have more than one conflicting objective (M>1) to be optimized. Before researchers have investigated multi-objective optimization, single-
objective problems were the main focus. Single-objective optimization is only a particular case where M=1. In multi-objective optimization, the solution’s domination
relation generalizes the comparison of two scalars in single-objective optimization. Moreover, having more than one dimension in the objective space, the optimum (most
of the time) consists of a set of non-dominated solutions. Because a set of solutions should be obtained, population-based algorithms have mainly been used as solvers.

Number of Objectives

Constraints.

+ Optimization problems have two types of constraints, inequality (g) and equality (/) constraints. From an end-user perspective, constraints have a priority over objective

N values. No matter how good the solution’s objectives are, it is considered infeasible if it turns out to violate just a single constraint. Constraints can have a big impact on the
complexity of the problem. For instance, if only a few islands in the search space are feasible or a large number of constraints (|/|+|K|) need to be satisfied. For genetic

C Onstralnts algorithms satisfying equality constraints can be rather challenging. Thus, this needs to be addressed differently, for instance, by mapping the search space to a utility space

where the equality constraints are always satisfied or injecting the knowledge of the equality constraint through customization.

Multi-modality.

* Most aspects discussed so far are most likely known or to be relatively easy to define. However, the nature of the fitness landscape is less obvious bet yet essential to be
aware of. In the case of multi-modal fitness landscapes, optimization becomes inevitably more difficult due to the existence of a few or even many local optima. For the
solution found, one must always ask if the method has explored enough regions in the search space to maximize the probability of obtaining the global optimum. A multi-

modal search space quickly shows the limitation of local search, which can easily get stuck.
Differentiability.
« A function being differentiable implies the first or even second-order derivative can be calculated. Differentiable functions allow gradient-based optimization methods to
. . oeq e be used, which can be a great advantage over gradient-free methods. The gradient provides a good indication of what direction shall be used for the search. Most gradient-
D 1 fferentl ab lllty based algorithms are point-by-point based and can be highly efficient for rather unimodal fitness landscapes. However, in practice, often functions are non-differentiable,

Multi-modality

or a more complicated function requires a global instead of a local search. The research field addressing problems without knowing their mathematical optimization is also
known as black-box optimization.

Evaluation Time.

* Many optimization problems in practice consist of complicated and lengthy mathematical equations or domain-specific software to be evaluated. The usage of third-party
software often results in a computationally expensive and time-consuming function for evaluating objectives or constraints. For those types of problems, the algorithm’s
overhead for determining the next solutions to be evaluated is often neglectable. A commercial software performing an evaluation often comes with various more practical

issues such as distributed computing, several instances to be used in parallel and software license, and the software’s possible failure for specific design variable
combinations.

Evaluation Time

Uncertainty.

« Often it is assumed that the objective and constraint functions are of a deterministic manner. However, if one or multiple target functions are nondeterministic, this
introduces noise or also referred to as uncertainty. One technique to address the underlying randomness is to repeat the evaluation for different random seeds and average
the resulting values. Moreover, the standard deviation derived from multiple evaluations can be utilized to determine the performance and the reliability of a specific
solution. In general, optimization problems with underlying uncertainty are investigated by the research field called stochastic optimization.

Uncertainty
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Design as Decision Making

bringing
learning from brainstorm as many that ideal

your customers ideas as possible solution to market

Unknown Unknowns Natural » Scientific Discoveries
‘L
(Human-centered)
To Understand o To Utilize
Design ’

v ‘ A 4

Structured Methods Artificial — Engineering Artifacts

Harvar d Business Review & IDEO
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Principals of Data-driven Technology

The Natural
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Principals of Data-driven Technology

The Natural

%

Unknown Unknowns

Scientific discoveries are
based on observations
represented as data

\ 4

Data

a

Leading to
Scientific Discoveries

» Observations

Perceivable, at least

A Series of
(Human-centered)
Decision Making Processes

Structured Methods

A process or a set of rules

Leading to
Engineering Artifacts

4

The Artificial

>

Algorithms

Engineering artifacts can
be described as algorithms
in models

Data can be
used to either
train or test a

model
/
A model can
generate useful
data from crowd

\ 4

Model
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Principals of Data-driven Technology
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Principals of Data-driven Technology
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The definition of Al

The Natural

4

Unknown Unknowns
Leading to
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What do we mean by design?
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The typical design process

2NV

EMPATHIZE DEFINE IDEATE

SWeIseI(] SS9J01J USISO( X[ dLI0AR]

UNDERSTAND EXPLORE MATERIALIZE


https://joesteinkamp.com/my-favorite-ux-design-process-diagrams/
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The task of “designing Al products”

* If you were a designer and work with Tencent Al lab to develop
a new product/service

* Will you embark on a user-centered design process and select a group of
target users?

afF

Make Al Everywhere

* There 1s no guarantee that the user research will reveal a need for Al

* Even i1f designers do find a user need for Al, there is no guarantee that
there will already be (or ever be) data to train the system.


https://ai.tencent.com/ailab/zh/index
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AIID + Design

Potential “seeds” to drive envisionment

A technical capability (a patent)
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Design through matchmaking

* Al meets Design Toolkit

e oV
"‘A —
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yellow
.

A 2-page crash course in Al/ML to help you get up
to speed on different kinds of artificial
intelligence and machine learning

\
observation reward action

But, it may be the

Could you teach an intern how
to do this task? type of task that
\ § only a machine
I If an intern can't can perform.

nah - doit, neithercana - Check in with an
' machine (for now) expert or quick
Google search
Do you own or are you able to gather (open source before giving up.
/ public or buy) sets of the data you need?

sure

’ \
gotit no have - No data, no machine
learning. Sorry. Go get
' yourself some data.
Is the data labelled and organized?
Do you know what you're looking for?
’ \i If you're out for detection,
yesit's noit's prediction, or generation,
supervised unsupervised -+ it's probably possible but
+ might be costly $$.
How many labelled examples do
you have per category?
J \ Collect more data,
>5000 <5000 -» Drush yourself off
and try again.

'
Do you have any in-house data scientists
or machine learning

engineers?
/ \ What are you
nope yass -= waiting for?!

Assessing feasibility, viability & desirability

Prompts to start spotting opportunities based on
user needs, Al capabilities, and data availability
and a card deck with 30 prompts of common Al
applications for ideation sessions

\ L/

; [ / , \ \ 1
| \ - / / |

2nd

consequences st = o /
/ consequences  stories % \

Worksheet:
Plotting your model’s logic

Exercises to align with your machine learning
engineers and data scientists on the model,
confusion matrix, and evaluation metrics

UX of Al

foussedsuesy 3
P

An overview of 9 UX and design challenges of Al as

a material
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