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Abstract  With  the  accelerating  tempo  of  technological
change,  universities’ teaching  reforms  should  be  timely
and principled rather than slow, ad hoc or reactive. This
article  anchors  such  reform  in  an  invariant  core:  learn-
ing  is  underpinned  by  neuropsychological  processes  in
which the cognitive and affective dimensions are insepa-
rable.  Using  the  Structure  of  Observed  Learning
Outcome taxonomy developed by Biggs  as  a  conceptual
lens, we argue that generative AI now produces artefacts
exhibiting relational-level  structure,  and that  the learner
may  bypass  the  deeper  thinking  that  assignments  are
designed to elicit.  We then discuss the evaluative judge-
ments  about  cognitive  offloading  as  both  a  risk  and  an
opportunity  in  learning,  guided  by  a  principled  test:
Whether the process being bypassed is constitutive of the
intended learning outcome. Three shifts in faculty devel-
opment are proposed. First, development should deepen
pedagogical  knowledge  and  practice,  placing  greater
emphasis  on  the  mechanisms  of  human  learning.
Second, as AI-assisted coding lowers the barrier to creat-
ing  educational  tools,  development  should  move  from
technology  adoption  towards  pedagogical  authoring  of
digital  educational tools,  anchored in the invariant core.
Third,  as our scientific understanding of learning devel-
ops,  faculty  should  extend  their  scholarly  identity  as
researchers  to  their  teaching.  They  will  also  need  to
propose  principled  and measured adjustments  to  teach-
ing  approaches  and  curricula  in  step  with  the  changing
priorities  of  society.  Faculty  will  have  to  be  role  models
of ethical AI use and of ethical practices of their respec-
tive  disciplines.  The  article  closes  with  the  reasons  for
learning  and  the  institutional  conditions  universities
must provide.

Keywords  faculty  development, generative  AI, cogni-
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 1   Introduction

 1.1 |    Accelerating Tempo of
Technological Change

In  November  2022,  ChatGPT  brought  conversational
generative  AI  (GenAI)  into  mainstream  public  use
(OpenAI,  2022).  That  arrival  opened  the  very  core  of
learning  in  educational  institutions,  the  thinking
process,  to  new  possibilities  while  making  cognitive
offloading a pervasive concern (Lee et al., 2025; Risko &
Gilbert,  2016).  Just  over three and a half  years  later,  in
June  2026,  Google  DeepMind  released From AGI to
ASI, a report mapping possible pathways from artificial
general  intelligence  to  artificial  superintelligence
(Genewein et al., 2026). The bar it sets is telling: Super-
intelligence is defined not as a system that surpasses an
individual  expert,  but  as  one  that  is  cognitively  more
capable than large organizations of humans.

The tempo of this change is striking. Education
had several decades to adjust to the introduction of the
internet, and only recently have governments moved to
curb  the  harms  of  one  of  its  offshoots:  algorithmically
driven social media for the young (Haidt, 2024).

Looking  further  back,  the  development  from
oral tradition to writing and then print took place over
many centuries,  each stage a slow restructuring of how
knowledge  is  stored  and  transmitted  (Eisenstein,  1979;
Ong,  1982).  Now  the  current  seismic  transformations
take place in a matter of years or months, with skill sets
needed for jobs after graduation rapidly evolving. How
should  educators  respond,  and  what  should  faculty
development look like in the future?

Given  the  above,  this  article  proposes  three
major  shifts  in  faculty  development.  First,  inevitably,
faculty  will  have  to  judge  which  forms  of  cognitive
effort  must  be  protected,  what  can  be  responsibly
offloaded,  and  how  the  learning  process  can  be
evidenced.  Thus,  faculty  development  should  give
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greater  attention  to  the  underlying  mechanisms  of
human  learning  as  they  do  not  change  as  quickly  as
technology  and  society.  Second,  as  AI-assisted  coding
lowers  the  barrier  to  creating educational  tools,  faculty
development  should  move  beyond  the  adoption  of
educational  technology  towards  pedagogical  author-
ship:  enabling  faculty  to  design,  adapt,  and  evaluate
learning tools, guided by an understanding of the learn-
ing process and pedagogy, and informed by interpreted
learning data.  Third,  as  our scientific  understanding of
learning develops, faculty should extend their scholarly
identity as researchers to their teaching, making princi-
pled curriculum adjustments as societal  priorities  shift,
advising  students  on  the  responsible  use  of  AI,  and
modelling both ethical AI practice and the ethical prac-
tices of their disciplines.

Yet  across  much  of  the  education  sector,
change  lags  student  adoption:  Recent  surveys  consis-
tently  find student  use  of  GenAI ahead of  institutional
guidance,  tools,  and  support  (Digital  Education
Council,  2024; Stephenson  &  Armstrong,  2026;
UNESCO, 2025). The needed changes should be timely
and principled rather than slow, ad hoc or reactive. We
therefore begin with the orienting principle of the title,
then examine what  GenAI has  changed about  learning
itself.

 1.2 |    An Orienting Principle: Anchor
in the Core, Move with the Times

Here we propose a simple orienting principle, which we
compress  into  eight  Chinese  characters  of  our  own
coinage, adapted from two classical Chinese sources: 不
离于中,  与时偕行—anchor  in  the  unchanging  core
(中 , zhong),  and move in step with the times.  The first
phrase  adapts Zhuangzi’s “not  departing  from  the
ancestral  source” (不离于宗 )  (Ziporyn,  2020),  substi-
tuting for  宗  (zong,  the  ancestral  source)  the  character
中 ( zhong),  the  unchanging,  balanced  core  that  lies  at
the  root  of  all  things  (Johnston  &  Wang,  2012);  the
second  echoes  the Yijing commentaries’ injunction  to
“move together with the time” (Lynn, 1994). Ng (2017)
identifies  the  same  two-sided  posture, “timely  change,
timeless  constants,” as  central  to  the  Singapore

education system’s success. In that spirit, we propose an
invariant core on which universities can anchor, and we
examine  the  timely  modifications  that  changing  times
demand.

An invariant  core  in education is  that  learning
is  underpinned  by  neuropsychological  processes.
Human  learners  attend,  interpret,  remember,  reason,
feel,  value,  persist,  and  regulate  effort  as  they  learn
(Meltzoff  et  al.,  2009; National  Academies  of  Sciences,
Engineering,  and  Medicine,  2018; National  Research
Council,  2000; Soderstrom  &  Bjork,  2015; Thomas
et al., 2019). The cognitive and the affective dimensions
are  deeply  intertwined  (Immordino-Yang  &  Damasio,
2007; Pessoa,  2008)  so  teaching  must  engage  both
(Immordino-Yang,  2015; Pekrun,  2006).  The  changing
priorities  of  society  and  employers  (Anthropic,  2026;
World  Economic  Forum,  2025),  and  the  availability  of
technological  tools  for  teaching  and  learning,  can  be
disconcerting for faculty and universities.  However, we
should  be  reminded  that  the  neuropsychological  basis
of learning does not change on technological or societal
timescales. Thus, centred on the invariant core, we can
evaluate  whether  available  technologies  enhance  learn-
ing,  or  even  develop  such  tools  ourselves.  Faculty  will
also have to judge how changing societal  priorities will
require  curriculum  and  teaching  approaches  to  be
modified (Sawyer, 2006). See Figure 1.

Here,  our  discussion  focuses  on  university
education  and  faculty  development.  There  are  wider
interactions  between  the  university  and  the  world;  the
interested  reader  can  refer  to  Barnett  (2018, 2024)  on
the  ecological  university  and  its  eight  interacting
ecosystems.  The  three  shifts  proposed  above  develop
this principle: The first belongs to the anchor, the second
to the movement, and the third holds the two together.

 1.3 |    Crossing the Line: GenAI and the
SOLO Taxonomy

The digitalization of information and its easy availabil-
ity  through  the  internet  made  information  gathering
easier. GenAI, however, automates the gathering, selec-
tion and deep synthesis of information on behalf of the
user. This difference is best captured in Biggs’ Structure
of  Observed  Learning  Outcome  (SOLO)  taxonomy

 

Figure 1    Invariant core and changing times.
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(Figure  2)  (Biggs  &  Collis,  1982; Biggs  &  Tang,  2011).
The  internet,  which  allows  efficient  searches  for  infor-
mation,  made  multistructural-level  (surface  learning)
tasks  easier,  but  for  most  well-designed relational-level
(deep thinking)  tasks,  the  learner  still  had to  make  the
connections between information for themselves. Now,
with  well-crafted  prompts,  GenAI  can  produce  arte-
facts  exhibiting  relational-level  and  even  certain
extended-abstract-level  structure.  Technology  has
crossed  that  line.  The  crucial  point  is  that  AI  now
produces  the  relational-level  artefact  while  the  learner
may bypass the relational-level thinking that the assign-
ment  task  was  designed  to  elicit.  What,  then,  are  the
cognitive  impacts  on  learning?  How  should  tasks  be
designed  so  that  they  still  actively  engage  the  mind  in
deep  thinking  within  each  disciplinary  area  to  achieve
the intended learning outcome?

One strategy is to make part of the information
students  work  with  non-digital,  drawn  from  the  social
and physical world, making a complete synthesis harder
to  outsource  to  AI  and  more  likely  to  require  human
judgement, embodied engagement, contextual interpre-
tation, and interpersonal sense-making. This embodied
learning  (Immordino-Yang,  2015)  and  tacit  learning
(Polanyi, 1966) can bring the learning experience closer
to  real-world  application.  Two  broad  examples  are  a
prototyping assignment (for Science, Technology, Engi-
neering,  and Mathematics  (STEM)) or a  task requiring
human interaction (for the Arts, Humanities, and Social
Sciences).  In  designing such activities,  a  deeper  under-
standing  of  how  people  learn  equips  faculty  to  create
the conditions, supports and challenges that help learn-
ers  move  from  non-understanding  to  understanding
(Bjork & Bjork, 2011; Meyer & Land, 2006). The SOLO
taxonomy will return twice in what follows: as the scaf-
fold for evaluative judgements on offloading, and as the
frame for redesigning learning activities and assessment.

 2   Invariant Core

This  section  establishes  the  anchor:  the  scientific  basis

of  the  invariant  core,  the  evaluative  judgement  it
grounds, and the professional identity that carries such
judgement.

 2.1 |    Learning as an Integrated
Cognitive–Affective Process

Here we take up the first shift: grounding faculty devel-
opment  more  deeply  in  the  mechanisms  of  human
learning.  The  discussion  on  the  extent  to  which  the
learning  sciences,  the  science  of  learning  and  neuro-
science  should  be  incorporated  in  faculty/teacher
preparation  is  not  new.  The  potential  of  these  areas  to
provide  insights  into  why  certain  pedagogical  princi-
ples  and  teaching  practices  work  well  is  undeniable
(Dubinsky  et  al.,  2013).  However,  the  emphasis  in
faculty/teacher  preparation  typically  falls  on  pedagogy
and  practice;  these  can  be  deepened  by  learning  more
about the underlying neuropsychological processes.

Learning  sciences,  science  of  learning,  and
neuroscience  are  often  used  loosely:  A  recent  review
found  that  researchers  define  the “science  of  learning”
in strikingly varied ways and use it almost interchange-
ably with the “learning sciences” (Privitera et al., 2023).
It therefore helps to set out what we mean by each. The
science of learning includes the broad body of evidence
on  how  people  learn,  drawing  together  cognitive
psychology, neuroscience and education (Meltzoff et al.,
2009).  Neuroscience  is  narrower:  It  studies  the  brain
itself  and  can  inform  teaching  indirectly,  helping  to
explain  why  a  practice  works  rather  than  just  showing
that  it  does.  It  has  too  often  been  over-applied  to  the
classroom,  and  claims  of “brain-based” teaching
frequently  outrun  the  evidence  (Howard-Jones,  2014;
Thomas  et  al.,  2019).  The  learning  sciences  are
concerned  with  design:  How  we  build  the  tasks,  tools,
and  environments  that  put  this  understanding  to  use
(Sawyer,  2006).  Our  invariant  rests  on  all  three.  Its
central  claim,  that  thinking  and  emotion  cannot  be
separated,  comes  from  affective  neuroscience

 

Figure 2    Structure of Observed Learning Outcome (SOLO) taxonomy.
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(Immordino-Yang  &  Damasio,  2007; Pessoa,  2008);
turning that claim into real curricula and tasks is in the
domain of learning sciences.

The  affective  dimension  is  easy  to  underrate,
because so much of the discussion of AI and learning is
framed  in  cognitive  terms.  Yet  affect  often  shapes
whether  learners  persist  with  the  cognitive  effort
required  for  learning.  Learners  and  teachers  tend  to
judge how well they are learning by how fluent and easy
the  material  feels;  but  this  feeling  is  misleading.  When
students  simply  re-read  material,  their  confidence  in
their  own  recall  rises,  even  though  their  actual  reten-
tion,  tested  after  a  delay,  falls  behind  that  of  students
who  practised  retrieving  the  material  from  memory
instead  (Roediger  &  Karpicke,  2006).  The  difficulty  of
retrieval  is  not  a  sign that  learning is  failing;  it  is  often
the  sign  that  learning  is  working—a “desirable  diffi-
culty” (Bjork  &  Bjork,  2011).  The  trouble  is  that  the
difficulty  feels  like  failure,  and  so  learners,  guided  by
that  feeling,  abandon  the  very  effort  that  would  have
served them (Pekrun, 2006). Lodge (2025) captures this
in  an  apt  image:  GenAI  is  the “e-bike  of  the  mind,”
carrying  students  efficiently  to  a  finished  assignment,
while  removing  the  exertion  the  journey  requires.  But
in  learning,  unlike  travel,  the  exertion  is  the  key.  The
GenAI tool’s affective appeal, relief from mental strain,
works  directly  against  the  cognitive  process  that  the
strain  accompanies.  The  two  strands  of  our  invariant
are  here  in  tension:  Upholding  the  cognitive  requires
resisting an affective impulse—to make things easier for
students.  Faculty  who  understand  this  can  design  for
it—building  in  productive  difficulty  and  helping
students  reinterpret  that  effort  as  necessary  in  real
learning.

 2.2 |    Evaluative Judgement on
Offloading Thinking

This  returns  us  to  GenAI’s  cognitive  impact  on  learn-
ing, and to the judgement at the heart of the first shift:
what to protect and what to offload. Emerging evidence
suggests that offloading thinking can reduce skill acqui-
sition. The test is  what learners can do unassisted. In a
randomized  field  experiment  with  nearly  a  thousand
high-school  mathematics  students,  those  given  a  stan-
dard  ChatGPT-style  assistant  scored  higher  during
practice,  but  on  a  subsequent  unassisted  exam  they
scored  lower  than  students  who  had  never  used  the
assistant (Bastani et al., 2025). Notably, the harm largely
disappeared when the assistant  was redesigned to offer
teacher-crafted hints rather than answers.

At  larger  scale,  a  30-month  panel  study  of
26,811 Chinese secondary students, reported in a work-
ing  paper  not  yet  peer-reviewed,  found  that  AI  adop-
tion  was  associated  with  higher  homework  scores  but
lower  subsequent  unassisted  exam  performance

(Strömberg  et  al.,  2026).  The  penalty  on  high-stakes
entrance  examinations  emerged  only  after  about  two
years, and was concentrated among the roughly 80% of
users whose behaviour resembled homework outsourc-
ing. While this is a caution to heed, the categorical view
that offloading is undesirable for learning is not always
correct  (Gonsalves,  2026; Risko  &  Gilbert,  2016).  In
courses  developing  higher-order  thinking  skills,
offloading tasks peripheral to the objective can free the
learner for more complex challenges. Consider the same
act  of  offloading  in  two  different  courses.  In  an  intro-
ductory  computer  science  course,  having  AI  write  the
code  bypasses  the  very  skill  the  course  is  meant  to
develop, and so harms learning. On the other hand, in a
prototyping course, using AI to code the hardware frees
up  time  for  students  to  explore  more  design  possibili-
ties,  and  so  augments  it.  The  more  precise  diagnostic,
then, is not whether offloading occurs, but whether the
effortful  process  being  bypassed  is  itself  constitutive  of
the intended learning outcome.

Through the lens of the SOLO taxonomy, in the
introductory  computer  science  course,  knowing  the
constructs  (e.g.  conditionals,  loops,  functions)  in isola-
tion  places  the  student  at  the  multistructural  level,  but
being able to integrate them into a coherent program or
algorithm  requires  the  student  to  operate  at  the  rela-
tional  level.  Moving up to  software  design,  the  student
will  be  at  the  deeper  extended-abstract  level.  However,
in  a  prototyping  course,  the  programs,  algorithms,
hardware knowledge, and the context of the real-world
problem become the entities at the multistructural level.
It is integrating the programs and algorithms to control
the hardware correctly to solve the real-world problem
that makes the student operate at the relational level in
the  prototyping  course,  even  with  AI  assistance  in
coding.  Any  ingenuity  to  generalise  the  context  to  a
category  of  wider  problems  would  be  a  demonstration
of performing at the extended-abstract level. Gonsalves
(2026)  argues  that  Bloom’s  taxonomy  fails  to  address
the cognitive demands of AI-assisted learning. Here the
SOLO  taxonomy  remains  a  serviceable  framework  for
analysing  the  level  of  thinking,  even  with  AI  use,
because  it  classifies  the  structure  of  the  observed
outcome  rather  than  a  hierarchy  of  cognitive  skills.
Similar  analysis  can  be  extended  to  other  disciplines,
and  for  take-home  assignments,  the  crossover  to  the
relational  and  above  levels  will  inevitably  involve  the
physical and social world, echoing the strategy noted in
the  earlier  section:  a  necessary  but  insufficient  condi-
tion to support learners in engaging in deeper thinking,
as AI becomes more powerful.

Since GenAI has crossed the line, the design of
learning  activities  becomes  more  nuanced,  and  faculty
must be equipped to make defensible evaluative judge-
ments themselves in their course design (Bearman et al.,
2024).
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 2.3 |    Scholarly Teacher: Reflective
Practice, Evaluative Judgement

Designing such learning activities  well,  however,  is  not
a fixed competence. While we have identified “learning
is underpinned by neuropsychological processes” as the
invariant  core,  it  is  not  a  static  core:  Learning  remains
an  active  area  of  research.  Faculty  are  already  highly
trained  knowledge  workers—that  is  the  essence  of  the
research role. What remains overdue is the extension of
that  professional  identity  to  teaching:  treating teaching
not  as  content  transmission  but  as  a  domain  of  schol-
arly  practice  in  its  own  right  (Boyer,  1990; Sawyer,
2006), subject to the same habits of evidence, reflection
and revision that faculty apply in their disciplines. Such
inquiry  can  culminate  in  findings  made  public  and
open  to  peer  review  through  the  scholarship  of  teach-
ing and learning (Hutchings & Shulman, 1999).

In practice, this scholarly stance begins with the
reflective  teacher:  one  who  treats  each  lesson  as
evidence,  examining  what  worked  and  what  did  not
(Schön,  1983)  and  viewing  that  practice  through  the
eyes  of  students,  colleagues  and  research  literature
(Brookfield, 2017). Here, technology itself can serve that
reflection:  AI-enhanced  software  such  as  Engageli  and
ClassIn  captures  the  lesson  on  video  with  fine-grained
interaction  data,  and  is  beginning  to  make  it  possible
for AI to surface patterns in teaching practice (Blikstein
& Worsley, 2016).

The  same  scholarly  judgement  must  extend
beyond  the  technologies  of  classroom  teaching  to  the
wider  technological  environment  in  which  students
learn. As the case of social media has shown, the way a
technology is used shapes its impact on the young—and
that  impact  unfolds  largely  outside  formal  instruction
(Haidt, 2024). GenAI now permeates this environment:
Students  encounter  it  in  their  studying,  assignments
and  daily  lives.  Faculty  should  therefore  develop  the
evaluative  judgement  to  decide  how,  and  whether,  a
technology should be used in their courses, grounded in
their  understanding  of  the  neuropsychological
processes of learning.

 3   Changing Technologies and
Changing Societal Priorities

This  section  turns  to  the  movement:  Authoring  learn-
ing  tools  anchored  in  the  core,  adjusting  courses  and
curricula  as  societal  priorities  change,  and  tracing  a
short  history  of  teaching  programming as  an  extended
illustration.

 3.1 |    Faculty Members as
Technological Learning Designers

The  second  shift  is  pedagogical  authorship.  GenAI

differs  from  earlier  educational  technologies  in  one
important  respect.  Its  simplest  use  is  as  a  chatbot  for
students,  with  responses  grounded  in  faculty-selected
content  and  behaviour  (such  as  requiring  Socratic
dialogue)  pre-determined  through  faculty-designed
meta-prompts  (Bastani  et  al.,  2025; Mollick  & Mollick,
2024).  Beyond  this,  it  also  allows  a  non-programmer
faculty  member  to  prompt-code  (more  commonly
known  as  vibe  coding  (Collins  Dictionary,  2025))
computer  programs  for  educational  purposes.  Agentic
development environments, such as Google’s Antigrav-
ity  at  the  time  of  writing  (Google  Antigravity  Team,
2025),  allow a user to describe an intended application
in natural language and have AI agents plan, write and
test the working software. In our own exploratory trial,
a  simple  three-level  physics  game on projectile  motion
was  prompted  and  iteratively  enhanced  (in  about
twenty prompts) within two hours, ready for classroom
piloting.  More  important  than  the  speed  is  that  the
process  allows  the  faculty  member  to  infuse  pedagogi-
cal  decisions  into  the  design,  scaffolding  the  learning
and providing encouragement as needed (Koedinger &
Aleven,  2007; Wood  et  al.,  1976).  Design  judgements
that  once  resided  with  the  developers  of  specialized
tutoring systems can now rest with the teacher.

This is the ideal versatility, where the program-
mer  is  also  the  user.  A  caveat  is  necessary.  However,
agentic  tools  may  request  extensive  file-system  access
and the ability to execute commands, so isolation, such
as  a  separate  machine  or  a  sandboxed  virtual  environ-
ment,  should  be  considered.  For  online  deployment,
prompting  the  agents  to  incorporate  cyber-security
protections  is  a  sensible  start  but  not  a  sufficient  one.
Tools that collect student data should also pass through
the  institution’s  usual  IT-security  and  data-protection
review.

As  argued  in  the  section  on  crossing  the  line,
the  artefact  alone  no  longer  evidences  the  thinking.
With  easy  access  to  AI,  the  weighting  of  assessment
must  therefore  shift  from  end-products  (e.g.,  essays,
posters, and presentations) to the process of developing
them.  Evaluating  processes  requires  extended  observa-
tion  and  data  collection,  something  severely
constrained  by  limited  manpower.  Here,  prompt-
coding gives faculty the versatility to develop platforms
through  which  learning  processes  can  be  tracked  and
evaluated.  For  example,  a  system that  captures  in-class
supervised writing, online conversations, iterative feed-
back  and  out-of-class  writing  can  help  shape  more
productive learning behaviour and, structured using the
SOLO taxonomy, can help faculty align intended learn-
ing  outcomes  with  learning  activities  and  assessment
(Biggs & Tang, 2011).

As  faculty  discover  the  ease  of  designing  soft-
ware for learning in natural language, and of collecting
and  analysing  student  learning  data  (Blikstein  &
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Worsley,  2016),  it  becomes  even  more  important  that
these  designs  are  grounded  in  the  science  of  learning
and  sound  pedagogy—our  invariant  core.  Digitaliza-
tion  makes  certain  pedagogical  practices  that  person-
alise learning easier to scale. For example, students can
role-play  with  an  AI  chatbot  in  specified  scenarios
(Mollick & Mollick, 2024). Learning by teaching can be
deployed  through  teachable  AI  agents  (Chase  et  al.,
2009; Roscoe  &  Chi,  2007).  Some  of  these  agents  are
engineered  to  express  emotion  and  motivation,  to
engage the learner affectively (Borjigin et al., 2011; Zhao
et  al.,  2012).  Two  trade-offs  should  be  noted.  First,  in
the role-playing and learning-by-teaching examples, the
students  are  not  communicating  with  another  human.
Designers may accept this trade-off for a system that is
ubiquitous  and  gives  instant,  automated  feedback
(Immordino-Yang & Damasio, 2007). Second, a subtler
issue  is  that  certain  forms  of  personalization,  in  which
the system is designed to smooth away difficulty for the
individual  student,  risk  making  learners  less  agile  and
less  adaptable:  The  conditions  that  ease  immediate
performance  are  often  not  the  conditions  that  build
durable,  transferable  learning  (Bjork  &  Bjork,  2011;
Soderstrom  &  Bjork,  2015).  These,  again,  are  nuances
the  faculty  learning  designer  must  weigh  (Bearman
et al., 2024).

 3.2 |    Faculty as Course and Curriculum
Designer

The  movement  extends  beyond  individual  tools  to  the
course  and  the  curriculum.  AI’s  breadth  of  knowledge
and  this  versatility  in  developing  learning  tools  now
make  possible  more  tailored  ways  of  teaching  and
learning. Yet not all learning with AI takes place within
settings  the  teacher  directly  designs.  The  faculty  role
thus extends beyond design to advising students on the
use  of  AI,  and  to  modelling  not  only  ethical  and  epis-
temically honest AI practice but the ethical practices of
the  discipline  itself:  its  research  integrity,  standards  of
evidence,  and  professional  norms,  into  which  students
are being inducted (Cruess et al., 2008). Faculty are thus
well  placed  to  close  the  gap  between  student  develop-
ment  under  a  traditional  curriculum and the  changing
priorities  of  society and employers.  This  raises another
tension,  between what  learning should entail  and what
the  changing  priorities  require  (Ashwin,  2020).  The
university is also an institution of knowledge discovery
and  creation.  Responsiveness  to  changing  priorities
must  be  balanced  against  that  identity,  lest  the  institu-
tion  of  higher  learning  drift  into  an  institute  of  voca-
tional training. This is a worthy mission, but a different
one.

Typical  curricula  are  already  packed:  in  addi-
tion  to  their  subject  core,  students  must  equip  them-
selves  with  new  skills  for  new  technologies  and  be

versed in broader interdisciplinary subjects to deal with
real-world problems (OECD, 2020). Often this involves
removing  or  condensing  traditional  content.  To  illus-
trate, the reader may attempt a simple exercise: Should
schools still teach children to read analogue clocks, now
that digital displays are everywhere? Pause on your own
answer before reading on. Beyond telling time, reading
the analogue clock is  probably  a  child’s  first  encounter
with  simple  ambiguity  and  its  resolution:  determining
the  hour  when  the  hour  hand  lies  between  two
numbers.  Other  embedded  concepts  include  fractions,
multiples of five, sub-divisions, relating time to day and
night,  angles,  mapping  a  continuously  recurring  quan-
tity  onto  a  circle,  clockwise  and  anticlockwise.  The  list
goes  on.  What  appears  to  be  an  obsolete  surface  skill
turns  out  to  be  a  carrier  of  constitutive  learning—the
same  diagnostic  we  applied  to  offloading,  now  at  the
scale  of  curriculum  content.  Curriculum  reduction  is
thus  akin  to  a  game  of  Jenga:  Some  blocks  are  load-
bearing in ways not visible from the outside. Yet reduc-
tion is a necessity as new job skills emerge, and GenAI
has not only crossed the line but also raised the bar—As
the next section, tracing how the teaching of computer
programming  has  evolved,  will  illustrate.  Readers  can
extend  the  exercise  to  imagine  how  their  own  disci-
plines and skills will be affected, at an accelerated pace,
in the era of AI.

 3.3 |    How Computer Programming
Curriculum Has Evolved Over Time

The  rapid  development  of  digital  technology  over  the
past  sixty  years  has  had arguably  its  starkest  curricular
impact  in  computer  science  itself.  It  has  also  reached
into  every  university  degree.  Consider  how  the  teach-
ing  of  machine- and  assembly-level  programming,
where  human  code  communicates  directly  with  the
hardware,  has  evolved.  As  compilers  matured  and
production  programming  moved  to  high-level
languages,  hand-coded  assembly  receded  from  profes-
sional  practice.  The  displacement  was  already  visible
within  a  year  of  Fortran’s  release  (Backus,  1978).  The
curriculum  moved  in  step.  Assembly  programming
went  from  a  required  course  in  the  degree  core
(Atchison et al.,  1968; Austing et al.,  1979) to a section
within  computer  architecture  and  systems  courses
today,  taught  for  systems  literacy  rather  than  produc-
tion  (Bryant  &  O’Hallaron,  2001; Joint  Task  Force  on
Computing  Curricula  et  al.,  2013).  What  was  once  a
required  skill  is  now  an  awareness.  The  programming
languages  taught  have  likewise  evolved,  from  Fortran
and  BASIC  through  C  and  Java  to  Python.  The
language debate itself receded as curricula converged on
concepts  common  to  all  languages  (Becker  &  Quille,
2019).

In  the  1960s  and  1970s,  outside  science  and
engineering, programming was not a required skill. The
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interesting  exception  was  Dartmouth,  where  comput-
ing  was  framed  as  essential  to  liberal  education  and
required  of  most  freshmen  through  their  mathematics
courses  (Kemeny  &  Kurtz,  1968).  Society  has  since
evolved. Work and daily life have become digital across
every  sector,  and  this  societal  change  is  reflected  in
university-wide  curricula.  For  example,  in  Singapore,
universities  have  in  recent  years  instituted  computa-
tional,  digital  or  data  literacy  components  for  their
undergraduates, including those in the humanities, arts
and social sciences, with each institution calibrating the
requirement  to  its  own  mission.  At  Nanyang  Techno-
logical  University,  the  author’s  institution,  digital-
literacy  core  modules  were  introduced  for  all  under-
graduates  from  2018  under  the  university’s  Smart
Campus  initiative  (Nanyang  Technological  University,
2018).  From  the  academic  year  2021/22  intake,  the
interdisciplinary  collaborative  core  added,  among  its
common courses,  a  foundational  course  on the  impact
of technology, including AI, on humanity. The course is
taken  by  every  undergraduate  in  their  first  two  years,
and  situates  computational  thinking  alongside  ethics,
communication  and  inquiry,  and  global  challenges
(Nanyang  Technological  University,  n.d.).  This  is  an
institutional expression of a connected curriculum that
links  disciplines  to  one  another  and  outward  to  the
world  (Fung,  2017).  Notably,  what  has  been  made
universal  is  computational  thinking  rather  than  any
particular language or tool: Programming itself remains
discipline-specific,  required  where  it  is  constitutive  of
the  field  of  study.  Faculty  will  need  the  skills  to  weave
such  courses  meaningfully  into  the  context  of  each
degree programme, grounded in the science of learning
and informed by the priorities  and demands of  society
and  employers  (Anthropic,  2026; World  Economic
Forum,  2025).  Such  reports  provide  system-level
signals.  It  is  equally important that some faculty main-
tain continual communication with alumni, employers,
and  the  wider  society,  to  appreciate  at  first  hand  the
changes  needed  in  the  training  of  their  students.  The
bar  continues  to  rise.  As  coding  in  natural  language
becomes possible with AI, the demand shifts upward to
software design: to specifying what should be built and
judging what is produced (Denny et al., 2024).

 4   Conclusions: Scholarly Teacher

The  three  shifts  converge  on  one  figure:  the  scholarly
teacher.  The  literature  has  shown that  academic  devel-
opment  involves  the  formation  of  teacher  identity
(van  Lankveld  et  al.,  2017),  participation  in  communi-
ties, and significant conversations about teaching (Cox,
2004; Roxå  &  Mårtensson,  2009),  reflective  and  schol-
arly inquiry into practice (Hutchings & Shulman, 1999;
Schön, 1983), attention to disciplinary ways of knowing

and signature pedagogies (Shulman, 2005), and engage-
ment with institutional cultures that enable or constrain
teaching  improvement  (Trowler  &  Cooper,  2002).
These  traditions  remain  valuable,  but  GenAI  changes
the focus of development.

Our  understanding  of  the  invariant  core
evolves  with  research,  and  the  changing  layer  now
moves  on  a  frontier  already  showing  early  signs  of
reshaping  entry-level  employment  (Brynjolfsson  et  al.,
2026).  Development  must  therefore  be  continual.  It
must also equip faculty to read societal signals as design
inputs, both from system-level reports and through the
first-hand  channels  of  communication  noted  in  the
programming illustration. Faculty evaluation must keep
pace as well: Polished teaching artefacts (such as syllabi,
slides,  and  rubrics)  are  subject  to  the  same  collapse  as
student  artefacts.  One  symmetric  caution  should  be
kept  in  view:  The  offloading  diagnostic  applies  to
faculty and to development programmes themselves. A
programme  that  uses  AI  to  generate  its  own  materials
faces  exactly  the  question  it  trains  faculty  to  ask;  the
invariant applies to everyone who learns.

Yet none of this growth can rest on exhortation
alone; it requires institutional conditions. A robust defi-
nition  of  teaching  excellence  gives  faculty  a  clear  stan-
dard to grow toward. An evaluation system that recog-
nizes quality teaching and motivates meaningful, timely
change ensures that growth is seen and rewarded. To do
so, it must probe design reasoning directly: Why a task
was  engineered  as  it  was,  what  was  given  and  what
withheld, and how the design serves the invariant core.
A  professional  development  programme  that  itself
evolves  keeps  the  anchoring  and  the  moving  within
reach of every faculty member. A university that asks its
faculty  to  anchor  in  the  invariant  core  and  move  with
the times must also ask who pays for and protects that
movement, for the continued flourishing of the univer-
sity  is  an  institutional  achievement,  not  an  individual
one.  Under  these  conditions,  faculty  development
anchors faculty in the invariant core and equips them to
make  timely,  local  evaluative  judgements  as  technolo-
gies,  disciplines  and  priorities  change.  The  outcome  is
the  scholarly  teacher:  reflective  in  practice,  designing
with  evidence,  and  reading  the  signals  of  a  changing
society.

We  began  with  an  accelerating  tempo.  It  is
natural to close by asking what such a trajectory leaves
for human learning. This returns us to what Biesta (2009)
calls  the  question  of  purpose  in  education.  The  record
of  earlier “superhuman” moments  suggests  an  answer.
AlphaGo, an earlier landmark in modern deep-learning
systems,  defeated  the  European  Go  champion  (Silver
et  al.,  2016).  Yet  people  continue  to  learn,  study  and
teach the game.  An analysis  of  5.8  million professional
moves  across  seven  decades  found  that  the  quality  of
human play  improved  after  the  advent  of  superhuman
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AI  (Shin  et  al.,  2023).  Novel  moves  became  more
frequent,  and  more  strongly  associated  with  improved
decision  quality.  Machine  assistance  has  entered  even
pure  mathematics.  AI  first  guided  mathematicians
toward  new  conjectures  and  theorems  (Davies  et  al.,
2021),  then made new discoveries  for  established open
problems (Romera-Paredes et al.,  2024). Most recently,
in  preprint  results  not  yet  peer-reviewed,  AI  has
autonomously  resolved  several  long-open  Erdős  prob-
lems,  two  of  them  open  for  over  half  a  century,  with
machine-verified formal proofs (Tsoukalas et al., 2026).
Yet  students  still  recreate  classical  proofs  by  hand,
because  the  eventual  proof  on  the  page  was  never  the
point;  the  skills  developed  in  constructing  it  are.  We
have  seen  the  analogue  clock:  an  apparently  obsolete
artefact that turns out to be a dense carrier of constitu-
tive learning. In each case,  when technology takes over
the production of the artefact, the reason for the human
activity does not vanish. It migrates from production of
artefacts to cultivation of the mind.
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