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Where we go from here

Ubiquitous Computing, Design, Social Computing
Human-Centered Al
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Visualization/Cognitive Models
Health/Education/Critical Theory/HCI community

Methodology/Accessibility
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Software and Tools

Unit 4

human-centered Al
tools and toolkits
content creation




Today

Al vs. |A

Direct manipulation vs. Agents

Mixead-inrtiative interaction
End-user Al authoring
Al and design



People: where Al lives or dies
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“Don’t let your Ul write a
check that your Al can’t
cash.”

- bytan Adar



Intelligence Augmentation

Al vs. |A



A reaction to:

“Al will replace
human intelligence”

Intelligence augmentation says that replacement is the wrong
approach.
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Algorithms in practice: Comparing web © The Author(s) 2017
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Abstract
Big Data evangelists often argue that algorithms make decision-making more informed and objective—a promise hotly
contested by critics of these technologies. Yet, to date, most of the debate has focused on the instruments themselves,
rather than on how they are used. This article addresses this lack by examining the actual practices surrounding algo-
rithmic technologies. Specifically, drawing on multi-sited ethnographic data, | compare how algorithms are used and
interpreted in two institutional contexts with markedly different characteristics: web journalism and criminal justice.
| find that there are surprising similarities in how web journalists and legal professionals use algorithms in their work. In
both cases, | document a gap between the intended and actual effects of algorithms—a process | analyze as “decoupling.”
If you try Second, | identify a gamut of buffering strategies used by both web journalists and legal professionals to minimize the
thoughtlessly... impact of algorithms in their daily work. Those include foot-dragging, gaming, and open critique. Of course, these
similarities do not exhaust the differences between the two cases, which are explored in the discussion section.
| conclude with a call for further ethnographic work on algorithms in practice as an important empirical check against
the dominant rhetoric of algorithmic power.
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Goal:
human+Al > human

We call this “complementarity”
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Analysis of 106 studies covering 3/0 effect sizes

P

On average, human-Al combinations perform
worse than the best of humans or Al alone

Biggest |osses for decision-making tasks and biggest
wins for content creation tasks

nature human behaviour

Explore content v  About the journal ¥  Publish with us v

nature > nature human behaviour » articles » article

Article | Open access | Published: 28 October 2024

When combinations of humans and Al are useful: A
systematic review and meta-analysis

Michelle Vaccaro, Abdullah Almaatoug & Thomas Malone &

Nature Human Behaviour (2024) | Cite this article

Human-Al system versus max(human, Al)
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Average: g = -0.23 (~0.39 ta -0.07) -
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Effect sizes (Hedges’ g) with 85% confidence intervals




Goal:
human+Al > human

We call this “complementarity”



Goal:
human+Al == human

We call this "not great’
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Augmentation examples
we’ve discussed

Help me understand where I'm using water in my householc

Realize my sketched mechanical design into a rough functional system
Connect me with jobs or movies that | might want to see

Show me behavior patterns that are influencing my health

But who should lead this dance! How much control should we
yield to the Al? This leads to a debate...

22



Agents vs.
Direct Manipulation

'Shneiderman and Maes 99/



Software agents

Ve should delegate
to proactive artificial
intelligence systems

Pattie Maes, MIT Media Lab

Direct manipulation

Users should always have
full control, even as
automation increases

Ben Shneiderman, U. Marylana

24



Agents

Al agents ask questions about Images
on soclal media to learn about the
world around them | Krishna et al

2022] N s
Q; What is the green  Q: What type of dessert
vegetable? IS that in the picture?

A: it’s bok choy!! So  A: hi dear it's coconut
yummy (= @ cake, it tastes amazing

)

Learn to automate tasks that you do
commonly [Maes [995]

25



Direct manipulation

Shneiderman: it 1s possible to maintain high levels of user control
even as automation increases

High

Control

L ow

Low High
Automation

26



Mixed initiative interaction
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that it's a false dichotomy...



Mixed-initiative, intuitively

You don't need to decide between full control and full automation.
Instead, the system should automate the things it can, hand control
to the user for the things it can't, and ask the user If it's unsure.

Today, mixed-initiative interaction typically refers to the
mode of suggesting an action and letting the user confirm it

= Edit 06:30 alarm
B Thanksgiving found in Holidays Calendar

Sirl Suggestion

It looks like you're
working out.

woorddtely 57% of their working time went towWe i custon
Gmail

“"ed about the ﬁjtt.lre of the team | tab

It seems like you forgot to attach a file.

Record
Outdoor Run
~ Record /
_ Indoor Run 28

You wrote "l have attached"” in your message, but there are no files

attached. Send anyway?




Mixed-initiative as utilities

[Horvitz [999]

Horvitz envisioned mixed-initiative Numbers representing
more broadly as trading off dynamically the benefit or harm of an
between all options, using utilities: outcome

u(A,G) = (posritive) utility of taking an

automated action when the goal Is Desired Not

correctly guessed ooal desired

U(A,7G) = (negative) utility of taking the goal

same action when the goal is incorrectly | lake action | u(AG) | u(A7G)

guessec No action |u(7AG) u(-A"G)

U(7AG) and u(mA,G) similarly 29



[Horvitz [999]

What's the expected value of
taking action?

P(G) -u(A,G)+ P(G) - u(A, ~G)

VWhat's the expected value of
taking no action?

P(G) - u(-A,G) + P(0G) - u(-A, ~G)

Now, take expected values

Desired
coal

Nex
desired

ooal

Take action

u(AG)

u(A,7G)

Ne¥:lailels

U(AG)

U(~AG)

30




Mixed initiative: visually

u(—-A,G) u(A, G)
-xpected
value
f1t's unlikely u(A, ~G) u(—A, G) frt's likely
that the ’ ’ that the
user has the user has the

——————0 | ———————

ojven goal P(G) olven goal



Mixed initiative: visually

u(-A, 7G)

u(A, G)

-xpected
value

u(A, °G)

P(G)



Mixed initiative: visually

u(-A, 7G)

-xpected
value

P(G)



Mixed initiative: visually

u(-A, G) u(A, G)
Higher utility Higher utility
NOT tO act 10 act
-xpected
value
u(A, G) u(—A, G)

34



What if we ask the user?

Asking often carries lower risk, but also lower utility

u(-A, 7G)

u(Ask, 7G)

-xpected
value

0 P(G)

35



What if we ask the user?

Asking often carries lower risk, but also lower utility

u(-A, 1G)

Inaction zone Ask zone

u(Ask, 7 G)

-xpected
value

u(A, 7G)

0 P(G)

Act zone

u(A, G)
u(Ask, G)

u(-A, G)

36



S0, when does this screw up!

When the system cannot accurately assess the probability of the

user having the goal P(G)

or

VWhen the utlli

les are not correctly estimatea

e.g,, too high a utility for asking if the user doesn’t have the goal G.
“Are you writing a letter right now!”

37



A problem has been detected and Windows has been shut down to prevent damage
to your computer.

The problem seems to be caused by the following file: kbdhid.sys
MANUALLY_INITIATED_CRASH

If this 1s the first time you've seen this stop error screen,
restart your computer. If this screen appears again, follow
these steps:

Check to make sure any new hardware or software 1i1s properly installed.
If this 1s a new installation, ask your hardware or software manufacturer
for any Windows updates you might need.

If problems continue, disable or remove any newly installed hardware
or software. Disable BIOS memory options such as caching or shadowing.
If you need to use safe mode to remove or disable components, restart
your computer, press F8 to select Advanced Startup Options, and then
select Safe Mode.

Technical Information:

#%% STOP: 0x000000e2 (Ox00000000, 0x00000000, Ox00000000, 0x00000000)



End user authoring of
artificial intelligence




If you wanted
a private
smart
doorbell...

o automatically control
entrance to your room to let
N possible donors for your
Stanford education




How might
we let
people
train such a
doorbell




Crayons: camera-based interaction
[Fails and Olsen 2003]

“The one that =

L

started it all’;  Foradms
direct- .
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manipulation
training




Frontier: image editing through
demonstration

. M ‘ -t ‘ ' | -t f
Generation. Selact the attributes, and find a desired reference image. Pre-Drawn Images. Double-click on e imuge you want lo use. a <e | S :) a r O

Select the atiroules Dougle-click o0 the Image you warn 1o use. library & Deube-clizk on the Image you 'want 1o usa I 1- l r : Ej crey W

(Imace modiication slider not available)

VTS TN e the source image

® Shart hair O Long hair

': . hy ‘ . ~ f J I ) } S .- '» y ._. " 1*»«' . {5 S :-‘ - ')- : '.:‘.._ N -y . . \ .._ - ,‘, ~ ’
® Big eyes O Small ayes S —— — o R ——pe ——————— ’ ' v | % ' YNMAY A = i .
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Synthesis. Brush tha part you wanl lo combina in tha Ralarancs imaga, adjust he posilion in the Saurca image, and click the arrow bution (—). m
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Reference Image

&
Mew Irage Daleta All Layes
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Interactive training

Fogarty et al. 2008]

Allow users to keep training and re-training by drag-dropping
instances Into positive and negative classes as they go

Image Search for
“Mountain” Creating a “Scenic” Rule

Apply the “Scenic” Rule




Revising your training as you go
[ Chang, Amershi and Kamar 201 /]

Facilitate concept evolution through a “could be’ category that allows clustering into
subcategories you can change labels for

O Cat
® Not Cat

big cats
O Maybe/NotSure 9

cartoon cats D

® Cat Y e O o & cats with dogs [¥
O Not Cat

O Maybe/NotSure :

O Cat w ' big cats '
O Not Cat cartoon cats D

® Maybe/NotSure cats with dogs [¥



More recently: prompting

In-context learning allows end users to write what they want:

Write an ode to the course CS 347, "Human-Computer Interaction Foundations and
Frontiers". The course description is: "How will the future of human-computer interaction
evolve? This course equips students with the major animating theories of human-
computer interaction, and connects those theories to modern innovations in research.
Major theories are drawn from interaction (e.g., tangible and ubiquitous computing), social
computing (e.g., Johansen matrix), and design (e.qg., reflective practitioner, wicked
problems), and span domains such as Al+HCI (e.g., mixed initiative interaction),
accessibility (e.g., ability based design), and interface software tools (e.g.,

el S S e e e o Control remains an open problem
o B |f | can't figure out how to cross the
B culf of execution through the prompt,

Your lessons so profound and rich,

Preparing students for the tech pitch. h OW C O ‘ CO nvey my i n_te n_t?

Theories of interaction and design,

With modern innovations, you combine.
From tangible to ubiquitous computing,

Your teachings leave students astounding.

Social computing's matrix by Johansen,

Mixed initiative interaction, a new dawn.

Accessibility and ability-based design,

To make technology all-inclusive and kind.




Unpredictable black boxes
are terrible user interfaces






https://labs.openai.com/e/x33Ptp1RN7WNg6r27BNBwOqV/hhHQPzpAJhyWTtCSYqyCfMNA
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stanford memorial
church with neon
signage In the style of

X
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lteration 1

stanford memorial
church and main
quad with palm trees
in the style of
bladerunner

lteration 3

nighttime rain

stanford memorial nighttime rain stanford

church and main quad memorial church and

with palm trees, night main quad with palm

market food stalls trees, night market

and neon signs in the food stalls and neon

style of bladerunner signs like downtown
tokyo
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nighttime rain stanford
memorial church and
main quad with palm
trees, night market
japadog food stalls
and neon signs, neo
tokyo bladerunner
style film still
illustration

lteration 21
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-4,  Aaron Hertzmann
© @AaronHertzmann

Writing a letter and quite happy with this phrase: Real artistic tools
should act as extensions of the artist, the way a paintbrush adds

capabilities to a painter’s hand, rather than a slot machine that may or
may not give you something useful.

8:05 AM - Sep 25, 2023 - 5,562 Views




Marketplace Generate Hire Login Sell 2

&> PromptBase

-~

A Midjourney

: i <3

; 3
|
E%E ’1‘

Beautiful Watercolor

Illustrations
SRR ] @imagineer

Generates beautiful watercolor illustrations with undefined figures, in a consistent style. Ideal for
illustrating stories, tales or blogs with vivid and colorful watercolor images. You can select the

proportions of each generated illustration.

$1.99

After purchasing, you will gain access to the prompt file, which you can use with Midjourney. You must already have access to Midjourney
to use this prompt.




instructions on how to proceed. Consistent with

numan Iinteractions.

Gave direct instructions instead of providing in-context examples. Even when

instructed by human researcher to give examples.

Some prompters expected Al to understand Instr
(e.g. Instruction: do not use ABC, result: Al uses A

°rompters don’t know what Al can/cannot do. 50 need examples or

°rompters over-generalize from a few examples, or errors (give up early).

°rompters anthropomorphize and filter expectations based on human-

uctions the way a human would

BC verba

IM 1IN response)
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freezer

fresh food

Normal Settings
Colder Fresh Food

Coldest Fresh Food
Colder Freezer
Warmer Fresh Food

OFF (both)

L T
A B C D E

C and 4
C and 5-6
Band 7
D and 6-7
C and 3-1

Freezer

T T T 1
/7 6 5 4 3

Fresh Food
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T mi ——ABCDE
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Independently controlled cooling units




L

Cooling

One cooling unit controlled by combination of inputs




A good conceptual model let's users predict how
input controls affect the output

When the conceptual model is not predictive,
Jsers resort to trial-and-error

[t 1s our job as Al tool bullders to provide interfaces
that let users build predictive conceptual models



Picture of a cool, young Computer Science

Professor named Maneesh Agrawala \

/

DALL-E2

Al black boxes are terrible

interfaces
* Does “cool” imply a sportscoat?
* Does “picture” generate a photograph?
» Cannot predict how input prompt affects
output image




Conversational Interactions
with ChatGPT

Support for turn-taking and context enables some common ground
— Al and human can refer to concepts from earlier exchanges to refine them

— But refinement is one-sided. Al doesn't ask for refinement — human adds it

— Al model does not immediately learn (or update weights) from the conversation.

— Grounding seems shallow (unclear what ChatGPT knows and doesn’'t know/remember)



Establishing Common Ground

Input 1images

DreamBooth: Fine Tuning Text-to-lmage Diffusion Models
for Subject-Driven Generation [Ruiz 2022]




Adding Condritional Control to Text-to-lmage Diffusion Models | Zhang 202 3]



Adding Condritional Control to Text-to-lmage Diffusion Models | Zhang 202 3]



»

a man with beard sitting with two children

«

“a man in a suit and tie

Adding Condritional Control to Text-to-lmage Diffusion Models | Zhang 202 3]



mother and two boys in a room, masterpiece, artwork™

«

»

a man with beard sitting with two children

~
-

a man in a white suit and tie”

“a man in a suit and tie

Adding Condritional Control to Text-to-lmage Diffusion Models | Zhang 202 3]



Dealing with Ambiguity of Spatial Language

L — - —

“chef in the kitchen”

Idea: User provides conditioning image that puts spatially localized constraints on the output image
Adding Condritional Control to Text-to-lmage Diffusion Models | Zhang 202 3]




Dealing with Ambiguity of Spatial Language

Idea: User provides conditioning image that puts spatially localized constraints on the output image

Adding Conditional Control to Text-to-lmage Diffusion Models [ Zhang 202 3]



Summary

Intelligence augmentation aims to place Al In context by using it
to amplify our own abllities

Debates rage about the levels of autonomy to grant to Als: from
fully autonomous agents that act on the person’s behalf, to direct
manipulation that always leaves the user in full control

Mixed initiative interaction splits the difference by asking, acting,
or doing nothing based on Its confidence and utility

When users cannot predict how input controls affect outputs the

In

iSif

ace, the results can be frustrating and terrible

A
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