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ROADMAP

Three questions for this keynote

| 01 THE DILEMMA | 02 DESIGN
Automation dilemma Human-Centred Al
Balancing automation Human learning and HCAI
and control Educational GenAl

examples
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03 THE FUTURE

Human capabilities and
performance

Beyond HCAI to Hybrid
Intelligence
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THE AUTOMATION DILEMMA

From purpose-built systems toward contextual Al

The first two
waves
addressed
specific,
often narrow
problems.
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First Wave

Expert knowledge or criteria
and logical reasoning

The first wave of Al is represented by
expert knowledge or criteria developed
in law or other authoritative sources
and encoded into a computer program
in the form of an expert system.

Example: Online tax preparation

Relative levels of capability
Perceiving 0
Learning

Abstracting

Reasoning G

Second Wave

Las

Machine/Statistical learning
Second-wave Al technology is based on
machine learning, or statistical learning,
and includes voice recognition, natural-
language processing, and computer-vision
technologies, among others.

Example: Face-recognition technology

Perceiving N
Learning [
Abstracting mm

Reasoning [ ¢

Source: Defense Advanced Research Projects Agency (DARPA) information; Art Explosion (art). | GAD-18-142SP

Third Wave

Contextual adaptation
Third-wave Al technology combines
the strengths of first- and second-wave
Al, and is also capable of contextual
sophistication, abstraction, and
explanation.

Example: Autonomous ships

Perceiving I
Learning I
Abstracting [
Reasoning e
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THE AUTOMATION DILEMMA

Al capabilities are growing—but what about ours?

I Al PERFORMANCE

Models now meet or exceed
human baselines on several
complex benchmarks.

THE OPEN QUESTION

Does interacting with Al make
humans more capable over
time?
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Select Al Index technical performance benchmarks vs. human performance
Source: Al Index, 2026 | Chart: 2026 Al Index report

Performance relative to the human baseline (%)

120%

100%

80%

60%
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20%

Human baseline

0%

2012

2013 2014 2015 2016 2017 2018

2019 2020 2021 2022 2023 2024

=== |mage classification (ImageNet Top-5)

=== English language understanding (SuperGLUE)

== Multitask language understanding (MMLU)

=== PhD-level science questions (GPQA Diamond)

= Agent multimodal computer use (OSWorld)

=== Autonomous software engineering (SWE-bench Verified)

= === Multimodal understanding and reasoning (MMMU)
==== Mathematical reasoning (AIME)

Visual reasoning (VQA)
Medium-level reading comprehension (SQUAD 2.0)
Competition-level mathematics (MATH)

2025
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THE AUTOMATION DILEMMA

A provocative example: learning to identify cancer

BREAST CANCER DIAGNOSIS

85% individual accuracy
99% in group diagnoses

Following two weeks of training,
"novices” transferred their learning to
unseen images.
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Benign samples

Malignant samples
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THE AUTOMATION DILEMMA

High accuracy is not the same as appropriate replacement

Science

Pigeons spot cancer as well as human experts

But pigeons as medical pathologists probably won't fly

Should pigeons
replace
pathologists?
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AUTOMATION & CONTROL

Two foundational design questions

What should be automated—and to what extent?

How do we preserve meaningful human control?
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AUTOMATION & CONTROL

Driving automation: six levels of delegation

LEVELS OF DRIVING AUTOMATION

3

5

NO
AUTOMATION

Manual control. The
human performs all
driving tasks (steering,
acceleration, braking,
etc.).

DRIVER
ASSISTANCE

The vehicle features a
single automated
system (e.g. it monitors
speed through cruise
control).

PARTIAL
AUTOMATION

ADAS. The vehicle can
perform steering and
acceleration. The
human still monitors all
tasks and can take
control at any time.

CONDITIONAL
AUTOMATION

Environmental detection
capabilities. The vehicle
can perform most
driving tasks, but
human override is still
required.

HIGH
AUTOMATION

The vehicle performs all
driving tasks under
specific circumstances.
Geofencing is required.
Human override is still
an option.

FULL
AUTOMATION

The vehicle performs all
driving tasks under all
conditions. Zero human
attention or interaction
is required.

THE HUMAN MONITORS THE DRIVING ENVIRONMENT
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THE AUTOMATED SYSTEM MONITORS THE DRIVING ENVIRONMENT

(Society of Automotive Engineers, 2016)
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AUTOMATION & CONTROL

When to automate and when to maintain human control

GOOD CANDIDATES FOR
AUTOMATION

Reliable, predictable work (backups,
spell-checking)

Repetitive or high-volume tasks
(routine reports)

Low-risk, reversible actions
(brightness settings)

Keep overrides available (Al feedback,
autopilot)
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KEEP MEANINGFUL HUMAN
CONTROL

Creative or context-sensitive work
(lesson design)

Uncertain judgments (ambiguous
diagnoses)

High-stakes decisions (medical,
financial)

Learning and agency matter (solving
math problems)
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AUTOMATION & CONTROL

Automation and control need not be opposites

I THE ONE-DIMENSIONAL VIEW I THE TWO-DIMENSIONAL VIEW

More machine automation

High automation and strong
necessarily means less human

human control can be designed

control. together.
A\
| 7 \ ]
Human — Computer

control automation
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HUMAN-CENTRED Al

Human-Centered Al Framework

High s

Human mastery

~

/ Reliable, Safe & Trustworthy EIevator\

Piano
Hand-powered Motorized, joystick controlled,
& user guided tele-operated & programmable
1980 2040
Car Car
Human
Control / \ / \
Push chair Robotic
(requires caretaker) (navigates to destination)
1940 2020
. Car Car iggemaker
Low @ndmlne / \ irbag / >
Low Automation High
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Adapted by Shneiderman, 2020
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HUMAN-CENTRED Al

Hospital control centres: a high-stakes desigh example
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HUMAN-CENTRED Al

Autocompletion and autocorrection: everyday examples of automation

Google  + christmash X AlMode >

christmas holidays 2026
christmas hat
christmas holidays in norway

christmas house

Program.cs* £

8 C#demo g Program

(g https://aka.ms/new-console-template
Console.WriteLine("Hello, World!™);

| @ x writeLine -
&9 WindowHeight s context
&5’ Windowleft
és’ WindowTop
ég’ WindowWidth
) Write
=) WriteLine
22 BufferWidth
ég’ LargestWindowHeight
p oo
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LEARNING & AUGMENTATION

A longer history of augmenting human intelligence

AUGMENTED

| 1968 - ENGELBART COCNITION

Intelligence
augmentation: computers
extend intellectual
capacity, not merely
replace it.

Systems monitor and
support human cognitive
processes, enabling new
partnerships.

Examples: dashboards, our

Example: computer calendars.

MOouse.
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THE LIMITATION

Performance gains may
still come mainly from
delegating cognitive
processes to technology.
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HUMAN LEARNING

When it comes to human learning there is a misalighment:
"success at a task" versus "learning it"

The biggest challenge is the misalignment (or antagonistic nature) between automation
(complete a task successfully) and human learning (mastering a task, if it’s automated
why/how humans will master it).

I AUTOMATION/AI OPTIMIZES I LEARNING OPTIMIZES
Immediate task completion Mastery - transferable competence
Throughput - efficiency - accuracy Understanding - learner agency

When Al completes the cognitive work, how does the learner develop the capability?
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HUMAN LEARNING

Four paradigms for learning-oriented HCAI

High |
COMPLEMENTARITY SYNERGY
Technology works alongside humans; human learning is Human-Al interaction genuinely strengthens learning
supported
Human
Control
TRADITIONAL LEARNING REPLACEMENT
Technology supports learning with limited automation Human replacement may or may not diminish learning
Low
>
Low Automation High
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EDUCATIONAL GENAI

From general-purpose performance tools to learning partners

I Al AS OFFLOADING I Al AS CAPABILITY BUILDING
The system takes over cognitive The interaction strengthens the
work to complete the task. human while keeping tasks
effective.

Design for human capabilities—not task performance alone.

Nguyen, Wise, Rosé, Giannakos, Jarvela & Cukurova (in press)
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EDUCATIONAL GENAI

An example of how a learning technology can be designed differently

High ,
COMPLEMENTARITY SYNERGY

Kahoot! - initial version Al-generated questions, together with teachers
Human
Control

TRADITIONAL LEARNING REPLACEMENT
Traditional LMSs Kahoot! with automated questions
Low
>
Low Automation High
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RESEARCH EXAMPLE - PROGRAMMING

hree LLM configurations

The function 'time_to_seconds’, which should take a string time as an input parameter. The string specifies a participant's
finishing time in an event (e.g., holding their breath for as long as possible) and will have the following format:
min:sec.hundredths. The function should convert this string into a floating-point number in the format seconds.hundredths
and return this floating-point number.

The function 'time_to_seconds’, which should take a string time as an input parameter. The string specifies a participant's
finishing time in an event (e.g., holding their breath for as long as possible) and will have the following format:
min:sec.hundredths. The function should convert this string into a floating-point number in the format seconds.hundredths
and return this floating-point number.

The function 'time_to_seconds', which should take a string time as an input parameter. The string specifies a participant's
finishing time in an event (e.g., holding their breath for as long as possible) and will have the following format:
min:sec.hundredths. The function should convert this string into a floating-point number in the format seconds.hundredths
and return this floating-point number.

01 No Al support 02 Restricted feedback 03 Unrestricted feedback
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RESEARCH EXAMPLE - PROGRAMMING

Cognitive engagement across LLM configurations

High
/ / \ Score Usefulness Intention to use
10 A 00 —em—— J ]
Complementarity paradigm Synergy paradigm T ’ T ! °
No-Al Restricted Al 8] | o ° 61 & 6 l. l,,,
— = ° =
\ Support (C) \\SuppOI"t (A) / 6 o0 ® 51 =: ;‘7 54 - .
Human T
Control / / \ 4 i - — 4 4 : ° 0 0
@
Traditional Learning Replacement paradigm 41 ° - 3 3 . -
Technologies Full Al support ). ; N , i .
B . : . l
Low | \_ Ke ( ) i 04 - 14 o —i- 1
Low Automation High A B C A B c A B C

Different levels of Al support shape students’ experience.

Giannakos et al. - Computersin Human Behavior: Artificial Humans
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RESEARCH EXAMPLE - TEACHER FEEDBACK

Al-enhanced feedback with LearnLab

=¢ Technological Invention

Human and

¥ Generate feedback draft

Learning N—

centred Al - =
SSO — :

Assignment details @ B >
) Office 365

AESAE
Padé O

Gouogle Workspace
for Education

MODG& Do

~ - .
" rnr
~a

.0
BEGO - Ban0
-- -

1/1 reviewed

o/
You have written a clear and engaging text with good structure and flow. It's easy to follow your line of thought, and you
explain both how the machine works and what the advantages and disadvantages are in a convincing way. You demonstrate

e that you can use technical terminology and convey technical knowledge in a comprehensible and thoughtful manner, which is
a real strength!
e .I' Learnlab | —— )

" @ : L" The section on environmental impact is particularly strong. You highlight the seriousness of the issue without exaggeration,

—_ st and you use sources in a clear and structured way. Here, you could have gone even a bit deeper, for example by including

Togs ) @ G PT Reader specific figures or examples to further strengthen your argument. That would have made the text even more convincing.
m s Your conclusion is personal and effective, it makes the reader reflect, and there's a clear sense of engagement behind it. It
Leamisb Al and dsta processing Feedback, gives the text character and shows that you are not only conveying knowledge, but also thinking critically yourself.
CumGuilem gons summaries and

I [ assistance Going forward, you can work on using sources even more actively in your writing and clearly showing how they support your

points. Otherwise, this is solid work that shows you are well on your way to mastering the learning objectives.
Fine-tuning

Keep up the good work!

Al-ASSISTED DRAFT » TEACHER REVISION > ACTIONABLE FEEDBACK

NTNU e LEARNER-COMPUTERINTERACTION LAB
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RESEARCH EXAMPLE - TEACHER FEEDBACK

Human revision turns Al drafts into useful guidance

High

Human
Control

Low

4 N
Complementarity paradigm Synergy paradigm
Teachers’

feedback ———, Alienhanced

E€edback %

r e N

Traditional Learning \‘eplacement paradigm
Technologies Fully automated

feedback

\ \_ Y,

Low Automation
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| CLEARER

Teachers simplified
wording and removed
repetition.

All 15 teachers revised the generated feedback before use.

| ACTIONABLE

Teachers added
concrete
pedagogical next
steps.

Kleveland, Giannakos & Lindvig - LAK 2026
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RESEARCH EXAMPLE - ASSESSMENT

An LLM-supported programming assighment interface

Assignment 1 Task 1

List manipulation
I TH E L EAR N E R VI EW Create a function count_words() that takes in word_list: alist of words on the form ["word", "excel", "powerpoint", "office"] and letter: a single letter for

example e.The function should return a list of numbers for the amount of times the letter appears in each word. For example: count_words( ["word", "excel",
Task 1 "powerpoint", "office"], "e") wouldreturn[®, 2, 1, 1]

Task 2

Students can request - prin el word)
assistance from an

Al-powered chatbot

during task

completion.

Chat with Al X
Hi, how do | add two numbers in Python?
Great question! Adding two numbers in Python is straightforward. You use the + operator to add them together.

Here's a simple example:

a=>5
b=3
sum=a+b

Type your message... Send
@ Home
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RESEARCH EXAMPLE - ASSESSMENT

An LLM-enabled assessment and follow-up interface

THE ASSESSOR
VIEW

The system evaluates
submitted code and
engages students in
structured follow-up
questions.
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Assessing Task 1

def count_words(word_list, 1):
new_list = []
for word in word_list:
count = @
for letter in word:
if 1 == letter:
count += 1

mmrer T2 ml mmimmem A FY

Hello! I'm an Al assessor for your CS1 course, here to evaluate your code solution by asking a few questions to ensure you
understand what you've written. Let's get started with your code: What does the function ‘count_words" do? Please explain the
process it follows to achieve its task.

The function counts the number of times a letter appears in each word in a list of words. It take in a list and a letter, and iterates

through them to see how many times the letter appears in the words.

Can you explain the first for loop in the code snippet in detail? Specifically, what is its function and how does it operate within the
broader context of the code?

The first for loop iterates through each word in the inputed list. It creates a count variable and continues to loop for each letter in the

word.

Could you elaborate on the role of the 'if’ statement within the second for loop and explain how it contributes to the function's
overall operation?

Type your message...

27148



RESEARCH EXAMPLE - ASSESSMENT

Assisted assessment: promising, but not yet dialogue-rich

High

w4 ™
| | WHAT THE STUDY FOUND
Complementarity paradigm Synergy paradigm
TA assessment . e
Messsistod TA * The chatbot asked relevant, code-specific
\ J\ -assiste ) ) . .
toman | > < ;a.____aa%se%memi{ questions at an appropriate difficulty level.
Control | | \ ( -
onre | e Students reported lower trust and fewer
Traditional Learning Replacement paradigm . .- .
Technologles Fully automated LLM opportunities for clarification.
assessment (not evaluated) .
| | | * The chatbot struggled with follow-up
Low L - = questions and dialogic feedback.
Low Artamatinn Himk

Dimitriadou et al. (2026) - AIED
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RESEARCH EXAMPLE - EMBODIED LEARNING

Traditional embodied learning of integer arithmetic

subtracting
-1-3=-2
11. Orients L. Starts
towards at-1
“subtraction”™
Qg\) I11. Moves 3
( ({, forwards m
rﬂ@ ¥
I’\I nl 1 | 1 | 1 1 >

- 1 L
1 2 T 1 1T 1T 01 1 3
S 4 3 2 1 0 1 2 3 4 5

adding
-1+3=2
II. Orients 1. Starts
towards at-1
o “addition™
‘E |\"\ I11. Moves 3
= 7 il [raaiion |
: Qe
p ).
EaNaYe
<| 1 1 1 L | 1 ! ! !
O L
S5 4 3 2 1 0 1 2 3 4 s
-1+-3=2
- II. Orients 1. Starts
=z towards at-1
b= “addition”
%" \f\ I11. Moves 3
= Subtraction 2% o m
2 Li?& backwards
'/
o
PR i s o TR TR T
T T Tr L1 &%
S a4 3 a 012 3 4 B
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1 —=Bi=
1. Orients 1. Starts
towards at-1
“subtraction”
) 111. Moves 3
\ B backwards
a‘%
B N e
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RESEARCH EXAMPLE - EMBODIED LEARNING

MOVES Number Line - UC Berkeley + NTNU
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RESEARCH EXAMPLE - MULTIMODAL Al

An Al-powered multimodal learning environment

| CAPABILITIES

Content selection - IRT / BKT
Multimodal decision-making

TASK TEXT
: - FEEDBACK
) ) ) : — == PROVIDER
Voice interaction - NLP ‘

Face recognition - CNN , o il s

CORREC'I’ INCORRECT
OPTION OPTIGNS

Content and feedback ;
generation - LLMs i NUMEBER LINE

Personal tutoring - agentic Al
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RESEARCH EXAMPLE - MULTIMODAL Al

Embodied learning can improve inclusion and efficiency

on i N | NeLusion
Complementarity paradigm Synergy paradigm Significa nt gains for learners with
Basic NL Al-enhanced disabilities (p =.0048; d = 1.44); the
E Iy — > < y achievement gap narrowed.
Control / \
Traditional Learning Replacement paradigm
Technologies
I Al + HUMAN FEEDBACK
Low | \_ . \ Y, :
Low Automation High Comparable task performance; lower

cognitive load in the GenAl condition, and
more focus on visual processing with GenAl.

Cosentino et al. (2025) - Anton et al. (2026)
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DESIGN PRINCIPLE

Human capabilities & task performance

I THE COMMON ASSUMPTION I THE DESIGN CHALLENGE
A common assumption is that The challenge is to design systems
prioritizing human learning and that enhance human capabilities (or
competence development at least do not diminish them) while

compromises efficiency improving task performance

NTNU e LEARNER-COMPUTER INTERACTION LAB 33/48



CAPABILITIES * PERFORMANCE

Adding another dimension

. A
High
LEARNING FIRST LEARNING + PERFORMANCE
Early Kahoot! - purposeful, often task-agnostic Driving simulators - purposeful task-specific
technology technology
Human
Capabilities
EASY TO AVOID PERFORMANCE FIRST
Confusing or difficult-to-use learning platforms LLMs focused on a!wswer prodectlon; fiskof
overloading or cheating
Low =
Low Task Performance High
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HUMAN-CENTRED DESIGN

HCAI begins with people’s needs and contexts

HCAI is tech designed with the end user firmly in mind, responding to our needs and desires.
Whether it takes the form of an app, device, or website, it utilizes Al to enhance our ability to

achieve our work, study or social interactions by prioritizing the human over the tech
requirements

HCAI is intuitive, allowing users to complete a specific task without the need of prior training.

Think of examples such as Spotify, FitBit, and Kahoot! that provide solutions to real problems and desires.

ho used the argument “I think, therefore I exist”?

.éy

CREATE & PLAY GAMES IN ANY SUBJECT & LANGUAGE

< "
a ) ®
. J
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HUMAN-CENTRED DESIGN

A human-centred design process

Identify need of human- 1ISO 9241-210 : Ergonomics of human-system
centered design inte.raction' - Pa.rt 210: Human-centered
CO RE P R I N CI PL E design for interactive systems

0
Make interactive SySte msS Understand and specify
the context of use
useful and usable by
focusing on users, their
needs, requirements and

System meets specified P A —
CcoO nteXtS . Evaluate designs against functional user and P T
i Sk organizational
requirements organisational 7
: requirements
a requirements 2

A\

Physical
specificities
characterization

Produce design solutions

3
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HUMAN-CENTRED DESIGN

What evidence should we collect to evaluate learning?

COMMON
M EAS U RE M E NT GAP I EVI D EN CE dentify need of human- !SO 924.1-210 : Ergonomics of human-system
* Most data we collect focus * Questionnaires 0 )
on task perfo rmance. * Interviews Un:l:rstan:i a:\dfspecify
e context of use
 Observations " \
* Deep/sustained learningis + Interaction logs \
stem meets specifie s
b e measu red Evaluate designs against yfum:tional us:r and Siactly tl.1e tfser Ia nd
requirements organisational c::aiau?::ant:::tas
requirements 2

* Longterm cognitive
developmentis rarely
considered

/ Physical

specificities
characterization

Produce design solutions

3

* We get what we measure.
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LESSONS LEARNED

Four implications for educational Al

| 01 ALIGNMENT | 02 TASK PERFORMANCE

Pedagogical alignhment comes first. Task performance is potentially supporting
evidence, not the primary goal of learning
technologies.

03 METRICS | 04 CONTEXT
Misaligned KPIs reward automation at the “Good performance"” depends on the learning
expense of learning. task and objectives.

NTNU e LEARNER-COMPUTER INTERACTION LAB 39/48



DESIGN FOR LEARNING

So, how do we go beyond automation and offloading?

Technology is never neutral. What we automate shapes what people learn.

01 02 03
AUTOMATE SELECTIVELY PROTECT THE LEARNING PRESERVE AGENCY
Offload routine tasks Preserve constructive Keep humans in control
struggle
Calendars, logistics and repetitive Keep reasoning, reflection and Align Al support with pedagogy,
work can be delegated without other capability-building work learner age and meaningful
sacrificing learning. with learners. human choice.

DESIGN TEST Does this automation make the learner more capable over time?

NTNU e LEARNER-COMPUTER INTERACTION LAB CELDA 2026



E PART Il - FUTURE DIRECTIONS

Hybrid Intelligence

A lens for research beyond automation and offloading

NTNU e Al LEARN e CELDA 2026 40/48



BEYOND HCAI

Learning systems are dynamic—are our frameworks?

I HUMAN NEEDS I Al CAPABILITIES

Agency and relationships change over time. The technology itself is continuously evolving.
I SYSTEM ADAPTATION SOCIO-TECHNICAL CONTEXT

Al behaviour and functionality are dynamic. Humans and Al co-evolve within their

environments.
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HYBRID INTELLIGENCE

Operationalising a mutually developing partnership

NTNU e LEARNER-COMPUTER INTERACTION LAB

01 - MUTUAL UNDERSTANDING

An interactive process builds shared understanding.

02 - ADAPTIVE FEEDBACK

Continuous feedback creates a positive loop.

03 - EXPANDING CAPABILITIES

Both sides grow their capabilities over time.

Akata et al. (2020); Giannakos et al. (2025)
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CONCLUSIONS

Build intelligence together—rather than offload learning

| 01 AuGMENT | 02 ReLATE 03 CO-EVOLVE
Al should expand human Students and teachers Use human expertise and
intellect instead of develop trust, agency and intentionality to guide
replacing it. relationships with Al. evolving human-Al

partnerships.

| 04 MisaLiGNMENT | 05 TASK PERFORMANCE
Consider/avoid Task performance is not
technologies that reward the primary goal of
automation at the learning technologies

expense of learning.
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