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human-al Interaction
fundamentals
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your goals for today’s class

today: understand the fundamentals of human-Al
INnteraction

next three classes: integrating Al-powered features
iNnto your projects (chat, agents, etc)

later: writing code using Al



Al Progress Al Products Successful

and Services Al Products
and Services

Why?
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Time Time Time




What separates
the successes
from the failures?




TECH

Cognition to buy Al startup Windsurf
days after Google poached CEO in

KEY *
POINTS

$2.4 billion licensing deal

PUBLISHED MON, JUL 14 2025.3:00 PM EDT | UPDATED MON, JUL 14 2025.4:22 PM EDT

Ashley Capoot SHARE f X in N
@/IN/ASHLEY-CAPOOT/

Al startup Cognition on Monday announced it's acquiring Windsurf. ® WATCH LIVESTREAM

Prefer to Listen?

Google said on Friday that it hired Windsurf’s co-founder and CEO Varun Mchan and
other senior employees.

NOW Closing Bell: Overtime

UP NEXT Fast Money

Cognition said it will purchase Windsurf’s IP, product, trademark, brand and talent,
but the company did not disclose terms of the deal.

TRENDING NOW
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Due to unexpected challenges, we've made the
tough decision to shut down operations on the |
Shazam Band.
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We understand the excitement and anticipation
that comes with every Shazam Band order, and
we sincerely apologize for not being able to meet
your expectations.

We're processing full refunds for all pre-orders
(please allow 5-10 business days to see it
reflected).

Thank you for your understanding, support, and
for being a part of our community. We wish you

and your pets the very best.

— The Shazam Team

(Image credit: Personifi Al)




What is artificial intelligence?

 Artificial intelligence (Al) is a subfield dedicated to
Improving automated performance on tasks that we
consider require cognition to solve
e What'’s in this picture?
e What does this sentence mean?
e How do | navigate across the crowded room to open the door?



Deep learning

The class of models that have driven the massive
iImprovements Iin artificial intelligence over the last decade
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A word on how this all works

e Step one: collect a truly absurd amount of data.

e Step two: train a model to predict the next word in
sentences from that data
e “Star Wars was created by George
o “Star Wars was created by ’
e “Star Wars was created
 This process teaches the model both the structure of

language and knowledge of the world




A word on how this all works

At this point, the model can

generate words (tokens) step by ChatGPT v

Step' Why is Mitchell Gordon the
best professor |'ve ever had

What would a model only
trained to predict the next
most likely tokens, starting
from this sequence, say here?




A word on how this all works

At this point, the model can
generate words (tokens) step by ChatGPT v
step.

Why is Mitchell Gordon the
best professor I've ever had

What would a model only
trained to predict the next , his students certainly didn't
most likely tokens, starting R

i longingly at the grass outside.
from this sequence, say here?




A word on how this all works

o Step three: train the model to follow instructions

Instruction: Brainstorm creative

ideas for designing a conference
room.

Output:
... Incorporating flexible

components, such as moveable
walls and furniture ...

5:02 ol ? m

— ChatGPT @G -

Why is Mitchell Gardon the
best professor |'ve ever had

That's a sweet question. I'll give you a
thoughtful answer instead of searching
your files, since this is really about you
and your experience with Mitchell
Gordon as a professor.

Here are some reasons why you might

feel he's the best professor you've ever
had:

1. Clarity of Teaching



You can use It out of the box: large language models
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Fine-tuning

You can further shape the model behavior by customizing it
for specific tasks or teaching it how to (or how not to)
respond
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“Now think really hard.”

e Models like GPT-4 generate each answer one word at a
time, without thinking ahead.

e But more recent models spend time generating a plan
and critiquing it—before producing output.
e More on this next class.



Decisions you’ll need to make

* Do you pay for an API, or host yourself?

e APIs (e.g., OpenAl) are easy to use, but others can see the
gueries you send to them

* Hosting requires expensive servers, but you can keep it all
Internal
e Do you use it out of the box, or finetune?

e QOut of the box: do any customization via the prompt

 Finetuning: if a prompt isn’t enough for strong performance on
your task

* How do you Integrate your own organization’s private
data”



Al do now?

What

e (Generative Al struggles more on sharp-edged
problems than rough-edged problems, given
eqguivalent model capabillity

* Rough-edged problems have many correct solutions

 Writing, drawing, game playing, coding — getting 80% is still
helpful

e Sharp-edged problems have only one correct solution

* (Much) agentic tool use, one-shot vibecoding, decision or
prediction problems — getting 80% is still wrong




What Al do now?

It’'s not that the Al Is

: Rough-edged
|nherent|y better or problems that Al
worse for rough vs. can solve
sharp-edged

11’ Sharp-edged
problems: it’s that e p-edoee
our tolerance for Al can solve

error Is often very
low In sharp edged
problems



What Al do now?

It’'s not that the Al Is

: Rough-edged
|nherent|y better or problems that Al
worse for rough vs. can 8078
sharp-edged

11’ Sharp-edged
problems: it’s that e p-edoee
our tolerance for Al can solve

error Is often very
low In sharp edged
problems



What Al do now?

It's not that the Al Is Rough-edged

inherently better or e e A
worse for rough vs.

sharp-edged

problems: it’s that ,?J;iﬁ‘;;?;’i’ﬁ;’t

our tolerance for Al can solve

error Is often very
low In sharp edged
problems



What Al do now?

To plan ahead, expect that Rough-edged
rough-edged successes problems that Al
can solve

near the inner border can
become sharp-edged
successes soon... Sharp-edged

problems that
Al can solve

And expect that problems
just out of rough-edged
range now may become
rough-edged successes

SO0n



Today, turn sharp-edged problems
Into rough-edged problems

* |n the meantime, you don't need to wait

* FInd ways to turn sharp problems into rough problems
* For example:

 Your Al predictor of hospital readmission makes too
many errors to rely on. Insteaq, have it write a short
report on risk factors to a human decision maker.

e |f you can't Al code your app idea in one shot, have it
create drafts of pieces and you take it to completion



your turn

pair up with someone next to you

choose one of the project ideas that you proposed in your first

assignment.

choose one feature of that project
oy Al

1. What's the sharp-edged way 1o

that you think could be enabled

design that feature, where it only

works if the model gets it completely right” How might that

struggle”?

2. How could you design a version of it with rougher edges, where

imperfect results from an Al would
instead still be useful”?

N't lead to a complete failure, but



People: where Al lives or dies

MIT Personal Robctlcs Group UC Berkeley InterACT laboratory



...SO we heed to t'




The Seam

The action is at the handoff —the seam —
between the Al and the person

Had the Al worked perfectly, the car would have
navigated the unexpected traffic conditions fine

Had the person been in full control the whole
time, they would have navigated fine

The error was at the seam between the two



“Don’t let your Ul write a check that
your Al can’t cash”




Unpredictable black
boxes are terrible user
Interfaces [Maneesh Agrawala]




Generate a portrait of a Professor named Mitchell Gordon

ChatGPT

PROF. MITCHELL GORDON




generate a portrait of a cool, young computer science
professor named mitchell gordon

MITCHELL
GORDOM

COMPUTE' m _

Al black boxes are terrible

Interfaces
* Does “cool” imply a leather jacket?
* Does “portrait” generate a photograph
or a cartoon?
» (Cannot predict how input prompt
affects output image
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stanford memorial
church with neon
signage In the style of

bladerunner
N1 7
= g - . |

lteration 1

nighttime rain
stanford memorial
church and main quad

stanford memorial with palm trees, night
church and main market food stalls
quad with palm trees and neon signs in the
in the style of style of bladerunner
bladerunner
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lteration 3

nighttime rain stanford
memorial church and
main quad with palm
trees, night market
food stalls and neon
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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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




Part of your job, as a designer, is to use the tools you have to
create the best interfaces you can.

Mitchell’s take: unpredictable, yet amazingly capable, black

boxes can be incredible user interfaces... compared to what was
possible before them.



How do you design
iIdeal human-Al
Interactions?




Intelligence
Augmentation




A reaction to:

“Al will replace human
intelligence”



Artificial

Intelligence

Replace human intelligence Augment human intelligence
with artificial intelligence with artificial intelligence



Over half of

LLM usage is
Intelligence
augmentation

today

Method: analyze requests
sent to Anthropic’s Claude

system

_— e

Which Economic Tasks are Performed with Al?
Evidence from Millions of Claude Conversations

Kunal Handa* Alex Tamkin} Miles McCain, Saffron Huang, Esin Durmus

Sarah Heck, Jared Mueller, Jerry Hong,

Stuart Ritchie, Tim Belonax, Kevin K. Troy

Dario Amodei, Jared Kaplan, Jack Clark, Deep Ganguli

Anthropic

Despite widespread speculation about artificial intelligence’s Impact on the future of
work, we lack systematic cmpirical evidence about how these systems are actually
being used for different tasks. Here, we present a novel framework for measuring
Al usage patterns across the cconomy. We leverage a recent privacy-prcscrving
System [Tamkin et al., 2024 to analyze over four million Claude.ai conversations
through the lens of tasks and occupations in the U.S. Department of Labor’s
O*NET Database. Our analysis reveals that A] usage primarily concentrates in
software development and writing tasks, which together account for nearly half of
all total usage. However, usage of AI extends more broadly across the €conomy,
with ~ 36% of occupations using Al for at least g quarter of their associated
tasks. We also analyze how Al is being used for tasks, finding 57% of usage
Suggests augmentation of human Capabilities (e.g., learning or iterating on an
output) while 439 SUZgests automation (e.g., fulfilling a request with minimal
human involvement). While our data and methods face important limitations and
only paint a picture of AJ] usage on a single platform, they provide an automated,
granular approach for trackin g Al's evolving role in the €conomy and identifying
leading indicators of futyre Impact as these technologies continue to advance.
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AUGMENTING HUMAN INTELLECT: A CONCEPTUAL FRAMEWORK

Prepared for:

DIRECTOR OF INFORMATION SCIENCES

AIR FORCE OFFICE OF SCIENTIFIC RESEARCH
WASHINGTON 25, D.C.

CONTRACT AF 49(638)-1024

By: D. C. Engelbart

ST AN FOR D RESEAMRLEGE NS LA E
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AUGMENTING HUMAN INTELLECT

I INTRODUCTION

A, GENERAL

By "augmenting human intellect” we mean increasing the capability
of a man to approach a complex problem situation, to gain comprehension
to suit his particular needs, and to derive solutions to problems. In-
creased capability in this respect is taken to mean a mixture of the
Tollowing: more-rapid comprehension, better comprehension, the possi-
bility of gaining a useful degree of comprehension in a situation that
previously was too complex, speedier solutions, better solutions, and
the possibility of finding solutions to problems that before seemed
insoluble. And by "complex situations' we include the professional
problems of diplomats, executives, social scientists, life sclentists,
physical scientists, attorneys, designers~~whether the problem situation
exlsts for twenty minutes or twenty years. We do not speak of isolated
Clever tricks that help in particular situations. We refer to a way 6f
life in an integrated domain where hunches, cut-and-try, intangibles,
and the human "feel for a situation” usefully co-exist with powerful
concepts, streamlined terminology and notation, sophisticated methods,

and high-powered electronic aids.



Why augment
Instead of
replace?




Angele Christin

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.”
|f 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.

Keywords
Algorithms, ethnography, work practices, organizations, journalism, criminal justice

of using ‘“‘smart statistics” to ““disrupt” or ‘““moneyball”
sectors with long histories of 1nefficiency and bias
We live 1n an era of data: an unprecedented amount of (Castro, 2016; Milgram, 2013). On the other hand,
digital information 1s being collected, stored, and ana- scholars criticize the “mythology” of Big Data (boyd

Introduction



Qian Yang Aaron Steinfeld John Zimmerman
HCI Instityte Robotics Institute HCI Instityte
Carnegie Mellon University Carnegije Mellon University Carnegie Mellon University
yangqian@cmuy.edy steinfeld@cmu.edu johnz@cs.cmu.edu
ABSTRACT 1 lNTRODUCTlON
Clinica] decision Support too]s (DST) Promise improyeq health- The idea of 1everaging Mmachine Intelligence in healthcare
care outcomeg by offering data-driven Insights. Whjle effec- In the form of decision Support toolg (DSTs) has fascinated
tive in Jap Settings, almost 4] DSTs have failed in Practice, healthcare and A] researchers for decades. Thege tools often
Empirijca] Tesearch diagnoge POor contextua] fit 54 the cause. Promise insights o, patient diagnosis, treatment Options, and
This paper describes the design and field evaluation of 5 rad- likely Prognosis. With the adoption of electronijce medica]
Ically new form of DST. It automaticaHy generates slides for records and the explosive technica] advances jn Mmachine
cliniciang’ decision meetings with subtly embedded Mmachijne Iearning (ML) in Tecent years, now S€ems a perfect time for
Prognostics. Thijs design took Inspiration from the notion of DSTs to Impact healthcare Practice,
Unremarkqpye Computing, that by dugmenting the ygerg’ rou- Interestingly, almost a]] these too]s have fajleq when mij-
tines technology/Ag can have significant Importance for the grating from Tesearch labs tq clinical Practice in the past
USers yet remain unobtrusjye Our field evaluation Suggests 30 years [5, 8 9].In a review of deployed DSTs healthcare
clinicians are more likely tq €ncounter and embrace such 5 Tesearchers rankeq the lack of HCT Considerationg 5 the
DST. Drawmg on their responses, we discuss the Importance most likely T€ason for fajlyre [12 23]. This Includes a Jack
and intricacjeg of finding the right leve] of unremarkap]e- of consideration for cliniciang workflow and the collaborg
ness in DST design, and share lessons learned ip prototyping tive nature of clinical work The Interaction design of most
critical Al systepms as a situated €Xperience clinica] decision Support toolg Instead assumeg that indjvid-
ual cliniciang Will recognize when they need help, walk up
CCS CONCEp TS and use 3 System that ig S€parate from the electronic health
. Human~centered computing — User centered design; record, and that they want and wil] trygt the System’s output
e are coHaborating with biomedjca] Tesearchers on the
KEYWORDs €sign of a DST Supporting the decision to Implant an ap-
Decision Support Systems Healthcare User Experience. tificial heart The artificj,] heart, vap ventricular asgjgt
device), is ap Implantable electro—mechanical device used to
ACM Reference For mat: , bartially replace heart function, Fop many end-stage heart
Qian Yang, Aamr,l Steinfeld, ang John “immerman, 2019. Unre- failure patients who gre not eligible for of able to recejye a

https://do; 018/10.1145/329060;5 3300468 Predict the likely trajectory 4 Patient wil] take Post-implant
should help identify the patients who gre mostly likely to

Permission t, make digijta] of hard Copies of a]] or part of this wor| for beneﬁt from the thera y.

personal or classroom yge IS granted withoyt fee provided that copjes We draw insight from 3 field study investigating the VAD

are not made or distributed for proﬁt or Commerecig] advantage and that decision Processes, searching for opportunitieg where ML

Copies bear thijs Rotice and the fy]] Citation on the first bage. Copyrights .

for COmponents of thjg work owned by others than the author(s) myg¢ might help [26] The ﬁndlngs Tevealed that chmcrans are

be honored Abstracting wigh, credit is permitteq To copy otherwise, or unhkely to encounter or to actively €hgage with DST for

republish, to Poston servers or t, redistribute t, lists, requires Prior specific help at the time and place of decision making For most

bermission and/or a fee Request Permissions from Permissions@acpy org cases, they did not find the 1mp1ant deCismn challenging

ACM ISBN 978-1-4503-5970-3/19/0 $15.00 fied senjor physiciang who make Implant decisions an( the
https://doi.org/10 1 145/3290605.3300465




Goal:
human+Al > human

We call this “complementarity”
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Analysis of 106 studies covering 370 effect
Sizes

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

Biggest losses for decision-making tasks and
biggest wins for content creation tasks

nature human behaviour

Explore content v  About the journal v  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

The human-Al group
underperforms the better
of the human or Al alone
(n =213, 58%)

Human-Al system versus max(human, Al)

The human-Al group
outperforms the better
of the human or Al alone
(n =157, 42%)

Average: g = -0.23 (-0.39 ta -0.07) -»

|
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Effect sizes (Hedges’ g) with 95% confidence intervals



Goal:

human+Al human

We call this “not great”



Why?

Overreliance: When the algorithm suggests the answer to
you, you get influenced by the Al's suggestion and rely on it
when we shouldn’t

...even If the algorithm explains its reasoning, unless the
explanation takes almost no effort to verifty

Algorithm aversion: we prefer human decision-making to
Als, even If the algorithm is better at the task

...and especially after seeing the algorithm make an error



How to Achieve Intelligence
Augmentation

e Look for gaps: keenly felt gaps in information,

Knowledge, or execution.

* e.0.: “How might [this group] react to [this message]?”, “What is
a concise summary of the project status?”, “This situation is
turning into a conflict. What might happen if | [take this action]?”

e |f you fill the gap, it enables me to be better at what | do

e Curtis Langlotz: “Al won't replace radiologists,
but radiologists who use Al will replace those who don’t.”



Al solutions?

Prompt prototyping: Use ChatGPT —give it an example input
to your problem, and tell it what you want it to do. Does it do
roughly the right thing? If it’s close, then you’ve got a good bet.

How do we rapidly prototype

Please determine whether this forum comment 1n the Cisco Webex

customer support "civil" or “incivil"

Here 1s the comment:

"Go shut vyourse.

about what you jJjust wrote."

[

f 1n your room and think



“But how do we convince the board?”

The usual narrative: we know how to convey the value of Al
through savings. But how do we convince people about the
value of augmentation?

What’s your goal? Replacement is about reducing costs.
But augmentation might be increasing performance,
reducing errors, or making more effective decisions.

Align your metrics with your goals



Summary

® Modern Al models open new opportunities for
oroduct development

® However, even the smartest Al based product
ultimately needs to solve a real problem for real
people

® Use Intelligence augmentation as your litmus test



