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Figure 1: The CHI 2025 Tools for Thought Workshop was held in Yokohama, Japan, on April 26th, 2025.

Abstract
Generative AI (GenAI) radically expands the scope and capability of
automation for work, education, and everyday tasks, a transforma-
tion posing both risks and opportunities for human cognition. How
will human cognition change, and what opportunities are there
for GenAI to augment it? Which theories, metrics, and other tools
are needed to address these questions? The CHI 2025 workshop
on Tools for Thought aimed to bridge an emerging science of how
the use of GenAI affects human thought, from metacognition to
critical thinking, memory, and creativity, with an emerging design
practice for building GenAI tools that both protect and augment
human thought. Fifty-six researchers, designers, and thinkers from
across disciplines as well as industry and academia, along with 34
papers and portfolios, seeded a day of discussion, ideation, and
community-building. We synthesize this material here to begin

mapping the space of research and design opportunities and to
catalyze a multidisciplinary community around this pressing area
of research.
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1 Introduction
With the development of Generative AI (GenAI), society is under-
going a radical expansion in the scope and capability of automation
andmechanization of cognitive work, a transformation which poses
important risks for human cognition. Yet, the current moment also
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presents an expansion in the opportunities to positively transform
how we think. How will people learn and think in the future, as
AI is embedded into our work and lives as a ‘co-worker’, tool, or
ubiquitous capability? How can we protect human cognition from
the potential negative impacts of AI-driven automation? What op-
portunities are there for AI to augment thinking, much as older
external tools such as writing have done? Which theories, metrics,
and other tools can best equip researchers and designers to address
these questions? The CHI 2025 workshop on Tools for Thought
[123]—systems or methods that extend, support, or augment cog-
nition [36, 126]—aimed to bridge an emerging science of how the
use of AI affects human thought, from metacognition to critical
thinking, memory, and creativity, with an emerging design practice
for building AI tools that not only protect human thought but also
augment it. Concretely, it aimed to map the space of research and
design opportunities in this area, and catalyze a multidisciplinary
community interested in pursuing them.

Held in Yokohama in April 2025, the workshop convened 56
researchers, designers, and thinkers from industry and academia,
covering fields such as human-computer interaction and other as-
pects of computer science, cognitive science, design, and education.
Thirty-four accepted papers and portfolios (selected from over 70
submissions) set the stage for a day of discussion, ideation, and
community-building.1 Here we synthesize the workshop outputs
to advance the conversation on this pressing area of research. We
structure this article around three areas: (i) understanding AI’s im-
pact on, and protecting, cognition, (ii) augmenting human cognition
with AI, and (iii) formative research, theory, measurement, and eval-
uation.

2 Understanding AI’s impact on, and protecting,
human cognition

AI systems are designed and commonly used to automate capabili-
ties and processes such as writing and research, processes through
which people think, and therefore learn, build skills, and grow ex-
pertise. The generative nature of these systems means that human
workflows are shifting from production to ‘critical integration’ of
material [97], i.e., decisions about when and how to use AI, how to
frame tasks, and how to assess outputs. Thus, the quality and nature
of thinking, such as where and what kind of thinking is applied, all
change when knowledge workflows reorient themselves around AI
[124]. As the next sections illustrate, these changes may manifest
in critical thinking, learning, and creativity, among other cognitive
processes. They have implications for workflows and our notions
of expertise, as well as motivation, well-being, and other human
values.

2.1 Critical thinking
As Singh et al. [115] observe in emerging research, AI may dis-
courage people from engaging in critical thinking, as seen, for ex-
ample, in the shift from active information seeking to more passive
consumption of AI-generated information (e.g., see [24]). This is

1Throughout the paper, each accepted submission is first introduced with a
highlight like this. Subsequent citations follow ordinary formatting conventions.
PDFs of all accepted submissions can be found [here].

exacerbated by GenAI systems’ tendencies for agreeing with users’
ideas and homogenizing outputs, features which may contribute
to the known ‘echo chamber’ effects in contemporary information
consumption. Beyond mere consumption, people may also inappro-
priately rely on inaccurate or misleading AI-generated information
in everyday decisions [115], particularly as they may disengage
from critical thinking when their self-confidence in a domain is low,
or when their confidence in AI is high [66]. For example, biased
writing assistants can shift users’ views on key issues [130] and
homogenize writing toward western styles [2]. More broadly, AI
use has been shown to exert an aggregate influence on the inten-
tions of knowledge workers [100], nudging the outputs of groups
of workers towards smaller, less diverse sets of ideas, in the process
of “mechanized convergence” [97].

How can we understand these changes from the perspective of
human cognition? Singh et al. [115] point to Dewey’s theory of
reflective thinking [29] as a powerful explanatory lens. Reflective
thinking, as an intentional and conscious evaluation of evidence,
requires enduring a ‘state of perplexity, confusion, or doubt prompt-
ing inquiry’ [115], as well as a suspension of judgment during this
period of inquiry. However, the polished, seemingly coherent, and
sycophantic nature of AI-generated information may minimize this
prerequisite state, discourage suspension of judgment, and create
an ‘illusion of comprehensive understanding’ [115]. Empirically
testing which aspects of AI output and interaction patterns causally
impact critical thinking in different contexts is an important and
ongoing research direction [61, 62, 66, 85]. How these effects play
out after prolonged use is another important question. Worryingly,
the potential impacts on critical thinking may be particularly acute
in a learning context.

2.2 Learning
Unlike experts, students or novices are still developing the self-
regulation strategies and schemas (i.e., mental models or sense-
making frames) necessary for information work [84, 115, 116]. Thus,
in addition to AI-generated output that can discourage a reflective
state, students can also lack a developed skill set for prompting and
critically evaluatingAI output. For example, in a study of AI-assisted
ML code debugging, Bo et al. [10] found that studentswho already
had an understanding of the problem used AI intentionally by ask-
ing specific, planned questions, and ultimately performed better. In
contrast, those who lacked such knowledge asked more open-ended
questions and were led by the AI down unproductive paths, engag-
ing in more over-reliance. As Prather and Reeves [89] conclude
about AI assistance in CS education, “underprepared, unconfident,
and underperforming students seem to benefit the least from these
[AI] tools, resulting in less critical thinking and lower grades”. Thus,
those populations most likely to rely on AI due to existing perfor-
mance disparities may benefit the least, or may even be harmed by
using it.

By inappropriately relying on (non-pedagogical) AI tools to
help solve their learning tasks, students may also impede their
development of necessary metacognitive strategies and schemas
[115]. Students access synthesized and tailor-made information
without engaging in the cognitive processes typical of deliberate
learning, e.g., remembering, understanding, and applying disparate

https://ai-tools-for-thought.github.io/workshop/#papers


Understanding, Protecting, and Augmenting Human Cognition with Generative AI:
A Synthesis of the CHI 2025 Tools for Thought Workshop

sources of information, as outlined in Bloom’s revised taxonomy
of educational goals [63]. Indeed, in a study of AI-assisted reading,
Fu and Hiniker [43] find that students may increasingly offload
lower-level understanding to AI, consistent with more passive en-
gagement. These observations naturally raise questions such as:
how do we help people use GenAI effectively for learning, rather
than, or alongside, productivity purposes? What can we gather
from those already using GenAI successfully for this purpose?

2.3 Creativity
In the creative domain, Dalsgaard [20] argues that GenAI’s facility
for producing higher-fidelity outputs risks shifting designers’ focus
from understanding the core problem framing or design space to
the mere tweaking of polished outputs, a form of design fixation
[70]. There is also a risk of GenAI homogenizing creative outputs
[3, 32], an effect potentially amplified by the challenge of working
effectively with GenAI systems and grasping their subtle limitations
[124] (see also [5, 64]).

Yet, Dalsgaard [20] positions GenAI not solely as a risk for cre-
ativity, but rather as providing ‘instruments of inquiry’: a set of tools
that shape and guide creative thinking in myriad ways. Grounded
in pragmatist philosophy, this perspective suggests that GenAI has
a role in shaping people’s perception about a design problem, their
conceptions, how they externalize and manipulate ideas, and the
mediation of the components of a design task. The nature of these
effects depends on users’ approach and skill set for working with
GenAI. For example, designers can leverage GenAI’s ability for
rapid, high-fidelity prototyping to better engage in Schön’s process
of ‘reflection-in-action’ [110], where iterative interaction with a
design material affords a rapid feedback loop. Likewise, designers
aware of GenAI’s limitations can consciously exploit these for more
creative outcomes. Empirically disentangling helpful and harmful
uses of GenAI in creative processes and workflows, and the roles
of interaction patterns and system capabilities is an important re-
search question (e.g., [5]).

Aspects of GenAI systems, such as the dominance of text-based
prompting or their limited explainability, also raise questions about
how to preserve practitioners’ flow states and integrate GenAI
into existing practices [86]. Naqvi et al. [81] highlight Sawyer’s
model of the creative process, which characterizes it according to
eight features such as iteration, reflection, ambiguity, exploration,
and emergence. GenAI may be shifting how these characteristics
arise in creative workflows. For example, reflection may shift from
a focus on one’s own creative process and output to prompting
and evaluating AI-generated output, whereas ambiguity may now
be driven more by models’ lack of explainability or other limita-
tions, rather than the problem space or iterative workflow itself.
Quintana and Quintana [94] find evidence of this in AI-assisted
learning experience design, where attention may shift from a focus
on the design workflow itself to prompt engineering AI to get the
desired output. What do these workflow changes mean for students
who are still developing the schemas necessary for design work?
How can AI become a ‘ready-to-hand tool’, available for almost

unconscious use, rather than a ‘present-at-hand’ tool that requires
focused effort [94]?2

2.4 Contextual and applied factors: Workflows,
expertise, and human values

Beyond the impact on any one cognitive domain, several contex-
tual and applied factors are central to understanding how GenAI
may impact cognition in realistic settings. These include considera-
tions of workflows, expertise, and human values around intrinsic
motivation, well-being, and other aspects.

2.4.1 Workflows. Many of the changes driven by GenAI have been
described as a shift to cognitive or metacognitive ‘laziness’ [39], yet
such characterizations themselves require reflection. When does
‘lazy’ simply become ‘resource reallocation’? Is cognitive offloading
to GenAI instead better viewed as a form of ‘cognitive miserli-
ness’ [120] or ‘satisficing’ [114]? Are there points in a workflow
that benefit from cognitive offloading such that conserved cognitive
energy can be deployed to other tasks? 3 Understandingworkflows—
complex, non-linear combinations of discrete tasks—may be one
key to answering these questions. In programming, for example,
whereas code generation and debugging may be increasingly solved
by GenAI assistance, might design specification, refactoring, and
code management need to remain essential human skills [89]? In
design, using GenAI to rapidly generate many alternatives may
facilitate ideation, while the task of sifting through, combining, and
curating alternatives may remain a human endeavor [20]. Focusing
on tasks at the expense of workflows risks missing interactions
between tasks. For example, if GenAI is introduced too early in
the ideation process, rather than augmenting ideation, it can stifle
creativity by fixating users’ attention onto specific ideas [70, 93].
Moving beyond discrete tasks, how can we better understand work-
flows, and GenAI’s ability to reshape them?

2.4.2 The role of expertise. Interlinked with workflows is the role
of people’s expertise, another key factor in understanding the impact
of AI on cognition. As Siu and Fok [116] summarize:

“experts develop sophisticated mental models and per-
ceptual skills that enable them to maintain flexible
cognitive frames throughout their sense-making pro-
cess, allowing them to recognize meaningful patterns
and adapt their understanding as new information
emerges”

Experts in a particular domain may therefore be better equipped
to specify goals, decompose tasks, and ultimately prompt GenAI
systems in that context. They are also better able to assess, interpret,
and validate the varied outputs produced by GenAI [116]. As per
§2.2, these differences are even observable among students, with
more advanced students using GenAI in more effective ways [10,
75, 90].

Yet, although experts in domains such as research [116] and
journalism [84] may be keen to offload routine, low-level tasks

2A distinction proposed by Heidegger [49], noted by Winograd and Flores [131], and
echoed in the ‘Extended Mind’ thesis [19].
3Conserved energy may equally be deployed across workflows, or to non-work tasks
entirely, such as leisure activities, a topic broaching the role of human values, as per
§2.4.3.
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to AI, they hesitate to offload higher-level analysis and decision-
making to systems that they suspect lack the necessary nuance and
context. Partly, this hesitation may be explained by the limitations
in the accuracy of current GenAI systems, particularly for the kind
of complex work in which experts engage [8, 53, 113]. Part of it
may also lie in workflow compatibility. Experts often have existing
workflows and styles that they want AI to augment, rather than
override [7]. This raises questions such as: how can we design
AI systems that enable selective delegation, preserve agency, and
support verification in a manner that respects varying levels and
types of expertise [116]?

A provocation here is whether experts are always better suited
to judging when and what to offload to GenAI. One critical stance
suggests that experts’ extensive accumulation of experience can
lead to cognitive entrenchment that misses alternative or innova-
tive approaches [116]. Is optimal offloading to GenAI therefore an
emerging kind of expertise, or meta-expertise, one that involves
delegation, navigating multiple domains, and orchestrating tools
across workflows [124]? AI-assisted coding offers a model: success
here depends on task decomposition, evaluation, and preference,
not just rote instruction. More broadly, this hints at the fact that
expertise comes in different flavours: domain expertise differs from
expertise with AI, which also differs from managerial expertise (i.e.,
the ability to define and delegate tasks to others). How do we better
understand the types of expertise involved in working optimally
with GenAI, including delegation, orchestration, and navigation
across multiple domains and workflows? Acknowledging and sup-
porting different types of expertise will be crucial for effective use
of AI.

An equally important question is how the use of GenAI and its
focus on efficiency may change experts’ experience of their work,
particularly reducing the space for ‘deep work’—i.e., a distraction-
free focus on cognitively demanding andmeaningful tasks, aimed to
achievemeaningful progress [83]. For example, as Nishal et al. [84]
have found, journalists emphasize the importance of developing
one’s writerly voice and the freedom to explore ideas, both of which
may be curtailed by an AI-driven focus on productivity. How do
we protect and incentivize time for ‘deep work’ [83]? This raises
broader considerations of motivation, well-being and other human
values that sit alongside the impact on thinking and learning per
se.

2.4.3 Motivation, well-being, and other human values. How will
GenAI, including its capability to automate cognitive tasks, affect
our well-being? Citing Self-Determination Theory, Langer [65]
argues that ongoing human engagement in epistemic labor, i.e.,
actively acquiring, processing, and evaluating knowledge, is vital
for sustaining intrinsic motivation and psychological well-being.
Such epistemic labor fulfills the basic human needs for autonomy,
competence, and relatedness, all of which may be threatened by
excessive dependence on GenAI tools. Hence, the perceived sacred-
ness of a writer’s voice [84] or an artist’s style and its centrality to
professional and personal identity, and attendant societal phenom-
ena that discourage AI use on these grounds [101]. How does using
AI affect people’s intrinsic motivation for tasks and other aspects
of well-being [48, 107, 108]?

This ties into the notion of ‘dialectical activities’, pursuits such
as parenting and art, that are valued for their intrinsic nature and
sustained engagement [139]. In creative domains, where taste and
intentionality matter, the perceived interchangeability of GenAI
outputs can feel particularly demotivating. For instance, journalists
may appreciate the assistive value of GenAI, yet strongly resist AI
generating the core ideas of their work, a perceived degradation
of journalism’s artistic value [84]. Yet, individuals differ in which
tasks they find intrinsically motivating. Some may approach their
work like sculptors, directly shaping material, while others may see
themselves as miners, sifting through material in search of valuable
insights. GenAI’s ability to produce material and reshape workflows
carries distinct implications for each of these working styles which
we need to understand [97].

Lastly, considerations pertinent to well-being such as emotional
vulnerability, dependency, and mental health in the context of
GenAI interactions were only briefly touched upon at the workshop,
yet are emerging as important issues [1, 28, 40].

3 Augmenting human cognition with AI
By understanding the interplay between GenAI and human cog-
nition, we can not only mitigate any potential negative impacts
of GenAI, but also design systems that ultimately augment our
thinking, leading to better cognitive and workflow outcomes in the
short- and long- term.

As evidenced by the range of our workshop submissions, ap-
proaches to GenAI-driven cognitive augmentation have taken, and
should take, many forms. One dimension along which to organize
current approaches is the directness by which AI systems are de-
signed to augment our cognition. Sitting at one extreme are designs
intended to directly challenge our thinking through provocation
[14, 33] or questioning [18, 23], discussed below in §3.1. Less di-
rectly, some systems may not explicitly challenge us, but rather
provide formal structure or scaffolding for processes such as sense
making [129] and ideation [135] (§3.2). Other approaches include
using AI to transform the representation of information across
modalities, fidelities, and other dimensions that may alter our think-
ing in subtle but potentially powerful ways (§3.3). Finally, some
approaches harness emotional and motivational pathways, or other
‘System 1’ processes [37], to indirectly augment aspects such as
learning, decision making, and creativity (§3.4).

A common thread across these approaches is their focus on what
Zhang and Reicherts [140] refer to as process-oriented support,
where AI assists users in identifying and addressing challenges
throughout a task, ultimately enabling them to solve it themselves,
rather than attempting to solve it for them (i.e., task automation, or
‘end-to-end’ support; see also [133]). A key distinction of process-
oriented support is its focus on helping users reason forward to-
wards their task solution—thereby supporting human understand-
ing, verification, and agency—rather than reason backward from
an AI-generated solution, which removes the user from the process
(i.e., reducing situational awareness [113]) and increases the risk of
over-reliance [96]. Khurana and Chilana [58] identify that a semi-
automated (or ‘process-oriented’) approach—automating routine
steps, while also guiding users through more complex decision-
making—is more appropriate when users are less familiar with an
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application or task, when a task involves complex decision making
or creativity (rather than solely repetitive or straightforward steps),
or when users have learning goals (rather than solely performance
goals; see also [59]).

The next sections explore the different approaches to augment-
ing cognition. Cutting across these approaches are considerations
about interacting and interfacing with GenAI (§3.5), as well as the
overarching workflows that encompass discrete tasks (§3.6).

3.1 Provoking thinking through challenge
One form of cognitive augmentation applies metaphors for AI as
an active entity that challenges us during tasks: provocateur [99,
105], antagonist [12], coach [50]; disrupting our default modes of
thinking, and prompting reflection, exploration, and learning. In the
design domain, for example, Gmeiner et al. [45] explore the use
of metacognitive support agents that ask reflective questions and
proactively support task planning and decomposition during the AI-
assisted design process. They find that such interventions have the
potential to support intent formulation, problem exploration, and
outcome evaluation (see also [44, 46]). Castañeda et al. [14] take
this approach one level higher: using AI to support meta-decision
making (i.e., deciding how to decide), specifically helping users to
iteratively define, refine, and prioritize their decision criteria. They
propose a set of design goals for such assistance, instantiated in their
prototype, including using concrete decision options or examples
as reference points for users, systematically varying these options
to help users discover decision dimensions of interest, and enabling
iteration on all aspects of a decision.

Cheung [18] proposes another metaphor for AI-driven cogni-
tive augmentation: the ignorant co-learner, a deliberately ‘artificially
ignorant’ system that fosters ‘moments of uncertainty, dissonance,
or pause that compel users to think critically and reflexively’. For
example, systems may offer ‘multiple, conflicting perspectives or
highlight areas of uncertainty’, or prompts that call attention to
the interpretive process in information consumption. While ap-
pealing in theory, all such approaches raise the question of how
we can motivate people to engage with systems that deliberately
question or otherwise slow them down. Indeed, Cheung argues
that AI provocations ‘must be clearly linked to pedagogical goals
such as critical thinking, metacognition, and epistemic agency’. To
this end, Ayyappan and Joyner [4] explore the value of explicitly
clarifying the role of AI assistance during learning, allowing stu-
dents to toggle between ‘Tell me the answer’ and ‘Ask me a question’
modes of AI support.

Yet GenAI is also being rapidly deployed across workplaces,
where the primary aim is productivity rather than learning. In this
context, how can systems demonstrate the value of ‘extra’ cognitive
work to justify the time and effort taken, and thereby build intrinsic
motivation to engage with them? Or, to question the doctrine of
‘desirable difficulty’ [9], must reflection or critical thinking always
be difficult or otherwise high-friction to be meaningful? What is
the appropriate level and timing of friction for a given task?

3.2 Structuring and supporting tasks
Not all cognitive augmentation is designed to challenge thinking
or provide reflective friction. Indeed, several of the above examples
combine reflective prompts or other provocations with scaffolding
intended to guide users through task completion. Prime examples
of this latter approach often harness the flexibility and pattern
recognition abilities of large language models (LLMs) to identify
and surface structure within data to support sense making (e.g.,
[22]). Wang and Chilton [129] develop a human-AI complemen-
taryworkflow that augments human schema induction—the process
of identifying patterns from examples, such as articles or videos, to
support sense making and learning. AI clusters examples by simi-
larities, extracts structural patterns within each cluster, and refines
clusters by generating contrastive examples. Humans evaluate and
refine the generated schemas in an iterative loop. Yang et al. [135]
target human design ideation. Their prototype uses AI to first orga-
nize ideation stimuli into a functional hierarchy (i.e., a mechanism
tree), and then generate analogical cues for these stimuli—e.g., how
might a mechanism in context A be used in context B—to sup-
port users in identifying novel applications across domains (see
also [56]). Finally, Schnizer and Mayer [109] offer a vision for a
GenAI-driven system for data visualization workflows that assesses
and adapts to users’ expertise, and provides dynamic suggestions,
guidance, and reflective prompts.

These explorations raise pertinent questions for understanding
the impact on cognition. In contrast to the risk of AI systems de-
terring users via friction (§3.1), one key concern here is the risk
of over-scaffolding tasks, with distinct implications for different
cognitive processes. During sense-making, for example, which de-
gree or type of cognitive effort is necessary for users to be helpfully
close to the data and which can be bypassed? During the creative
process, how do we protect the delicate, initial period of human idea
incubation from the undue influence of AI? How does AI support
during the divergence phase of ideation impact convergence? What
is the appropriate balance of AI support between these two phases
of ideation? Here, we can turn to the learning sciences, which de-
fine ‘learning goals’ as a principled way to designing appropriate
scaffolding [92]. Alongside deliberate learning, how might such
goals be defined in a productivity context?

Overall, there is an interesting design tension between approaches
that induce cognitive friction and those that scaffold tasks—finding
leverage points and ‘sweet spots’ in AI systems that get the best of
both worlds is likely a fruitful area of future study.

3.3 Transforming information representations
Stepping outside of specific tasks, one thread of work explores
how AI can be used to dynamically and interactively transform
information between different representations, thus contributing
to a known form of cognitive enhancement [122]. Liu and Li [71]
explore how transforming content across modalities—e.g., from
speech to text, or from text to visuals—can augment cognitive
workflows. For example, how might flexibly translating between
textual and graphical modalities enable the manipulation of con-
cepts, rather than words or pixels? Their work raises key research
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questions for this space, such as how to best visualize the evolv-
ing semantic space of spoken content, or how to balance semantic
abstraction with familiarity to support cognition.

Rather than modalities, Yen et al. [136] explore using AI to
transform information between levels of formality. In particular,
they explore an approach to semi-formal programming—the in-
tegration of formal representations (e.g., defined variables in a
piece of code) with informal ones (e.g., sketches). They propose
three principles that work together: loosening strictly typed pro-
grams (e.g., dynamically converting unknown variables into place-
holders), gradually enriching informal representations as meaning
emerges through user interaction and context, and, rather than pre-
specifying everything in advance, using AI to dynamically interpret
or query fuzzy attributes as needed.

Echoing across these projects is amodel of human-AI partnership
proposed by Suh [121] in which AI expands humans’ multidimen-
sional conceptual environments (spanning knowledge, representa-
tions, design possibilities, among other aspects); humans further
expand these environments via creativity, critical thinking, and
contextual understanding; and together, they explore these envi-
ronments via interfaces and interactions that thoughtfully support
human-AI collaboration.

GenAI has surfaced many questions about the malleability of
text—its ability to be flexibly summarized, expanded, and re-written
on demand—and the implications for information processing, knowl-
edge, and understanding. What are the affordances of text and other
media as malleable projections of knowledge? How can systems
that consume and render text support users in manipulating it to
suit their cognitive goals and preferences? Beyond text, how do we
effectively represent information in different output modalities to
augment cognition?

3.4 Augmenting emotions and other ‘System 1’
processes

An implicit assumption underlying a lot of work on GenAI-driven
cognitive augmentation is the prioritization of conscious reflection,
deliberate reasoning, and other processes commonly associated
with ‘System 2’ thinking [38]. Can (or should) we augment peo-
ple’s ‘System 1’ processes—e.g., emotions, heuristics—to progress
users towards desired cognitive outcomes [76]? This may be wel-
comed, and indeed feel natural, in the creative domain. For exam-
ple, Pilcher and Tütüncü [88] propose an approach to fostering
creativity by welcoming and amplifying GenAI’s inaccuracies or
fabrications (‘hallucinations’). Their mixed-reality prototype en-
velopes users in surreal and occasionally unsettling multi-modal
outputs to provoke ‘surprise, reflection, and creative risk-taking’.

What would augmenting ‘System 1’ processes look like in other
tasks? In learning, for example, Leong [67]’s work demonstrates
how AI can help change users’ perspectives through emotional and
motivational pathways. For instance, AI can personalize experi-
ences to users’ interests, such as examples in a vocabulary learning
app [68], or the identity of a virtual instructor [87], thereby increas-
ing their motivation. Similarly, by (privately) applying augmented
reality filters to one’s audience, it is possible to reframe the situation
and thereby reduce public speaking anxiety [69]. More provocative

interventions can be imagined, such as gamifying cognitive effort,
or leveraging the common feeling of being ‘unsettled’ during deci-
sion making to provide timely provocations. Ethical implications
emerge: for example, where does human agency fit in, and what is
the responsibility of systems, particularly those that deliberately
induce uncertainty, to provide emotional support to users? More
fundamentally, what is the scope for GenAI-driven training, real-
time support, or other approaches to augment ‘System 1’ cognition,
e.g., intuition [11, 15], as an end in itself?

3.5 Interacting and interfacing with AI
Behind the various approaches to augmenting cognition are con-
siderations about how we interact and interface with AI. Although
turn-based conversational prompting has been a dominant interac-
tion pattern for LLMs, other paradigms are emerging. Reviewing
recentwork, Zindulka et al. [142] argue that directmanipulation—
prompting by manipulating relevant on-screen objects—can ease
cognitive load associated with prompt formulation, more accu-
rately express intent, and reduce the workflow disruptions that
occur when navigating between content and the prompt interface.
In turn, they argue that direct manipulation has the potential to
free cognitive resources for higher-level thinking, and support the
continuous expression of users’ thought processes without being
overwhelmed by AI output.

Other work has explored the dynamic between prompting and
evaluating AI outputs. Min and Xia [78] propose ‘feedforward’
information about the prospective AI output as a fundamental
design component of GenAI systems. Alongside foreshadowing
AI output, effective feedforward should enable users to efficiently
disambiguate and reflect on prompts, and engage with feedforward
content as a form of prompting. Through exploratorywork,Min and
Xia [78] identify three initial dimensions for feedforward design:
representation (e.g., topic lists), level of detail, and manipulability
(e.g., selecting feedforward elements). These can be viewed as a
form of ‘dynamic prompt middleware’ [35] for improving critical
reflection during the prompting process.

Feedforward is one way to speed up the interactive loop between
humans and AI. Liu et al. [74] approach this from a more radical
angle, proposing a paradigm in which systems continuously gener-
ate internal and partly intrinsically-driven responses (‘thoughts’),
and selectively yet proactively communicate those responses to
users throughout an interaction: full-duplex communication, in
which proactive AI responses are gated by human heuristics for
contributing to conversations. An instantiation of this paradigm
shows promise in conversational engagement, and offers the possi-
bility of a shared cognitive space in which both human and AI can
build on fragments of ideas [73].

Other interactionmodalities are also being explored. For example,
the recent rapid improvement in speech recognition and generation
has led to increasing adoption of Voice User Interfaces [112]. Speech
interaction may encourage more externalization of thoughts [95,
138], whereas nonverbal aspects of speech like tone, loudness, and
pauses can convey complementary information (e.g., emotional
state [112]). What are other approaches to expressing human intent
that have yet to be explored?
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How might different interaction approaches augment users’ ex-
pression of intent, and might there be unexpected knock-on effects
on cognition? For example, Zindulka et al. [142] surmise that direct
manipulation could also negatively impact cognition. Given that
writing is thinking [42], the replacement of text prompting with
direct manipulation may remove opportunities for users to think
through their intents and decompose their tasks (see also [141]).
Moreover, the blending of user- and AI- generated content in the
interface may encourage analogous blending in users’ minds, in-
cluding any potential biases of LLMs [130]. Likewise, how does the
anthropomimetic slant of approaches like those in Liu et al. [74]
trade off in terms of improved conversational flow, users’ mental
models, over-reliance, emotional impact, and other dimensions?
Future work should map the cognitive affordances of different
modalities, including how they might express or transform knowl-
edge and other internal states, and how such information might be
represented back to users to augment cognition.

3.6 Augmenting workflows
High-level intents rarely remain confined to discrete tasks. Rather,
they ladder up to workflows (as per §2.4.1). To truly augment cog-
nition therefore involves thinking beyond the task to consider the
broader workflows which encompass them [86, 124, 125]. Work-
flows increasingly interleave manual and AI-assisted processes,
human collaborators, and AI agents that coordinate to complete
tasks. GenAI’s flexibility and scale at handling context invite us to
re-imagine workflows from first principles.

One possibility is a move away from application-centric comput-
ing, where workflows are fragmented across siloed applications,
to activity-centric computing [6], where application boundaries are
dissolved in favor of coherently supporting users’ broader work-
flow goals and activities. To this end, Xia [132] proposes a new
AI-powered paradigm in which interfaces are dynamically gener-
ated to suit a user’s task context, needs, and preferences (see also
[13]). Their approach uses AI to infer the underlying task-driven
models from users’ prompts, representing the information entities,
relationships, and data within information tasks. These task-driven
models map to UI specifications, which are then used to dynami-
cally generate interfaces suitable to users’ tasks. Such approaches
raise implications for cognition: for example, how can systems
accurately determine users’ higher- and lower- level goals across
workflows, while minimizing the cognitive burden on users to cor-
rect inaccurate goal inferences and manually configure interfaces?

Workflows extend not only across tasks, but also across people.
The modern workplace is characterized by frequent collaboration
across large networks. Yet, despite our inherently social nature,
achieving efficient collaboration remains an ongoing challenge
[111, 134]. How can AI support more effective communication and
coordination of tasks? Mukhopadhyay and Luther [80] explore
how AI could augment leadership behaviours for collaborative
project development (see also [79]). Although their conversational
AI system could support aspects of planning (e.g., by generating
templates) or problem-solving (e.g., by providing feedback), they
found that its impact “remained constrained to specific tasks rather
than seamlessly integrating into the overall workflow”. Indeed, like
most modern collaborative work, participants’ communication and

workflows were distributed across interfaces which limited the AI
system’s reach and contextual understanding [137]. Integrating AI
support into realistic workflows is an open challenge, touching
upon interaction design questions such as alternatives to the chat-
based paradigm (§3.5), and the role of proactive AI assistance [16,
17, 27, 52, 73, 91, 128].

Not only does AI have potential to assist collaborative work-
flows, Johnson and Rick [55] propose the inverse: collaborative,
multi-user interactions with AI can mitigate over-reliance observed
with individual interactions. They posit that group interactions
can encourage active engagement with AI assistance, for example,
because the responsibility of critically evaluating AI contributions
(and the impact of doing so) is distributed across members (e.g.,
see [25]). Groups’ tendency for collaborative boundary regulation—
the “process of establishing limits and ground rules to maintain a
healthy group environment”—can similarly regulate the influence
of AI on group processes and outputs. Yet, AI may also plausibly
exacerbate unproductive group dynamics like social loafing and
group-think. Designing collaborative AI-assisted workflows to har-
ness the benefits of both group work and AI assistance is an open
challenge [54]. For example, which aspects of collaborative pro-
cesses can be offloaded to AI and when? How can we detect and
mitigate inappropriate reliance in group settings? How can we flex-
ibly adapt AI’s role in a group setting to suit different needs, and to
shift between individual and group support?

The rise of “agentic” AI—systems that attempt to execute work-
flows autonomously—raises further questions for collaborative
work. If humans will increasingly hand over the production of
code [98, 102], writing [21], and other tasks to autonomous agents,
then how will human roles change? Will roles shift to management,
including the definition of goals, outputs, guardrails, and verifica-
tion procedures? How can people preserve and grow the expertise
needed to assess the correctness of a workflow? As AI agents begin
to work across people and teams, their management, including
‘context engineering’ [77] and verification, will only increase in
complexity. What will AI-augmented workflows look like in this
context? How can AI support humans in the cognitive management
of these complex workflows?

4 Formative research, theory, measurement,
and evaluation

Understanding the impact of GenAI and designing systems that
both protect and augment cognition will require formative research
on GenAI users, workflows, and expertise, as well as a coherent
approach and toolkit for running rigorous research studies, includ-
ing theories, construct definitions and metrics [127], tasks, and
protocols. Establishing a shared foundation and methodological ap-
proach will enable cross-study comparability, cumulative progress,
and more intentional design of GenAI systems that support rather
than undermine human thought.

4.1 Formative research: Users, workflows, and
expertise

We need a deeper understanding of distinct sets of GenAI tool
users, their workflows, and how their expertise—in their domains,
in GenAI, and in the management of the two (§2.4.2)—is instantiated
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within them. How are cognitive tasks and behaviors structured and
sequenced? This is necessary to understand how GenAI changes or
eliminates many of the micro-decisions people make in their work-
flows. To this end, Nishal et al. [84] explore the writing workflows
of science journalists, whereas Siu and Fok [116] describe the re-
search survey practices of CS researchers, and the document review
workflows of knowledge workers. Beyond work, Kim et al. [60]
explore how ‘heavy’ LLM users employ these tools for decision-
making in their daily lives, defining such users as those who use
LLMs for a substantial (and specifically defined) subset of concrete
tasks that cover both work and personal domains, and spanning
the range from purely rational to purely intuitive decision making,
according to Cognitive Continuum Theory. Alongside the interview
and survey methods deployed in these studies, Schnizer and Mayer
[109] propose that expertise can also be inferred via complementary
approaches such as user interaction patterns, like prompting or eye-
tracking. Without a clear understanding of who the ‘users’ are, any
inferences and generalizations we make about the impact of AI will
remain too vague or too muddled to be useful. Equally important,
such understanding unlocks the ability to design systems tailored
to users’ expertise levels and needs [109].

4.2 Theories and constructs
What do we specifically mean by terms like “critical thinking”, “cre-
ativity”, “agency”, “learning”? Emerging research has drawn on
a range of existing theories, models, and constructs from across
disciplines: Bloom’s Taxonomy [63], Dewey’s theory of reflective
thinking [29], Schön’s model of reflection [110], Sawyer’s model
of creativity [106], Hammond’s Cognitive Continuum Theory [47],
dual-process theories of cognition [38], theories of metacognition
[124], and pragmatism [31], among others. How far can these theo-
ries and associated constructs carry us today? Which theories and
constructs are we missing? Do we need new or updated theories?
For example, Felten [41] argues that further theory development
is needed to understand how human and AI biases can either am-
plify or diminish each other, i.e., moving away from separate treat-
ment of these sources of bias and instead considering compound
human-AI bias. This interactionist perspective can help us develop
strategies to mitigate the negative impacts of biases on human
cognition.

Slovak [118] offers a concrete avenue for how theories can be
used effectively. If GenAI systems are viewed as psychological in-
terventions, then theories can inform theories-of-change [26] for
these interventions, which prescribe “a particular set of experience
trajectories that are expected to lead to the psychological effects
for the participant(s)” (see also [119]). If theories and the result-
ing theories-of-change can prescribe (or describe) in detail what a
user should or would experience when interacting with an AI sys-
tem, then it becomes easier to translate these theories into design
briefs that inform system design for cognitive augmentation, or, for
existing systems, help uncover their positive or negative impact.

4.3 Measurement and evaluation
Beyond defining constructs, how do we reliably measure them?
Here, the disciplineswithwhichHCI commonly intersects—cognitive,

learning, information, and organizational sciences, and others—will
become even more vital as sources of foundational research into
cognition [124, 127].

Yet, other disciplines may be insufficient on their own, as GenAI
introduces new challenges and opportunities for evaluation. For
example, human-AI interactions increasingly involve qualitative,
open-ended tasks that may lack ground truth and often require
iterative interactions, whereas much research in cognitive science
(and human-AI interaction) has relied on simple, closed-ended tasks
for experimental control. Therefore, there is a need for new meth-
ods to measure these interactions and task outcomes effectively.
Prompting offers one such window into cognition, including users’
level of expertise, and their cognitive strategies, such as task de-
composition [57] and abstraction [72, 104], as well as their biases or
gaps in understanding. These can be studied through user-centric
approaches such as participatory prompting [34, 103]. They can
also be approached in an automated manner, leveraging GenAI’s
natural language capabilities. For example, Holstein et al. [51]
present a promising novel framework and automated pipeline for
analyzing prompting patterns along two dimensions: cognitive ac-
tivity mode (exploration vs. exploitation) and cognitive engagement
mode (constructive vs. detrimental).

Another challenge is that many constructs central to this space,
like critical thinking and agency, are inherently introspective and
subjective. Collecting reliable self-report data on them requires
research participants to have self-awareness, and even well-defined
theoretical constructsmay not alignwith people’s self-understanding.
How do we measure something like “critical thinking” if people dif-
fer in their views of the term and of their own thinking? Despite the
challenges, a turn to theory here can provide a starting point. For
example, Dewey’s theory of reflective thought defines it as “definite
units that are linked together so that there is a sustained move-
ment to a common end” [30]. This quality of ‘traceability’ offers
an intriguing avenue to characterising thinking with and without
GenAI assistance. Similarly, Dervin’s sense-making theory [82],
including the concept of cognitive gaps and bridges, offers another
promising direction. These conceptualizations can inform the elici-
tation and analysis of people’s varied experiences [15], which can
now be conducted at scale using GenAI [117]. Ultimately, although
the misalignment between theoretical definitions and subjective
introspection may remain unresolved, it nevertheless deserves con-
sideration in future work.

Finally, many potential changes in workflows and impacts on
cognition may take time to emerge as users adopt tools and adapt
their practices. How does prolonged use of GenAI affect users’
ability to reason independently, sustain attention, or engage in
reflective thinking? Longitudinal studies are needed to track and
understand potential changes.

5 Conclusion
GenAI poses a myriad of risks and opportunities for human cogni-
tion that present a large research and design space to address (and
one that cannot be comprehensively addressed in one workshop).
Building on the breadth of our workshop, we encourage future
workshops and initiatives to take a focused approach, targeting spe-
cific areas to make concerted progress. We also encourage the HCI
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community to further expand its awareness of, and collaboration
with, other communities and disciplines so as to share insights and
accelerate progress. Finally, we emphasize that ongoing develop-
ments in task automation should not distract from the protection of
core aspects of human cognition, and equally importantly, the inno-
vation of approaches to augment and transform human cognition
for the better.
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