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Abstract
Interactive AI systems increasingly mediate human reasoning by
generating explanations, arguments, and recommendations on de-
mand. Current tools for thought primarily support critical thinking
by prompting reflection—encouraging users to slow down, jus-
tify conclusions, or consider alternatives. While effective, these
approaches are effortful, interrupt workflows, and do not directly
improve the intuitive processes that generate most judgments. We
argue that AI-mediated reasoning should move beyond reflection-
centric interaction toward supporting the development of stronger
intuitive reasoning. Drawing on cognitive science and human–AI
interaction, we introduce a framework that organizes reasoning aug-
mentation techniques into five categories spanning reflection- and
intuition-oriented interventions. We further outline how adaptive
systems that sense cognitive signals and model reasoning tenden-
cies can selectively trigger reflection and shape intuitive responses
over time. This perspective expands tools for thought from mo-
mentary decision support toward systems that cultivate lasting
improvements in human reasoning.
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1 Introduction
Reasoning is increasingly mediated by interactive AI systems [8, 41].
Large language models can generate arguments, explanations, and
recommendations on demand, transforming how people evaluate
information and make decisions. This has led to a growing interest
in reasoning augmentation: designing systems that do not merely
produce answers, but help users become better reasoners through
interaction [8, 41]. A dominant strategy in reasoning augmentation
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has been to encourage users to reflect — to slow down, reconsider
initial responses, justify conclusions, or examine alternative in-
terpretations. Interactive systems prompt users to explain their
reasoning, present counterarguments, or answer reflective ques-
tions with the goal of promoting deeper cognitive engagement
[5, 9, 13]. Educational AI systems similarly adopt Socratic dialogue
and metacognitive scaffolding to guide users toward more delib-
erate reasoning processes [9, 20, 21]. Across domains, reasoning
augmentation is largely treated as a problem of inducing reflection.

This emphasis on reflection is well motivated. Reflection can
improve reasoning accuracy by enabling users to reconsider mis-
leading initial impressions, attend to relevant evidence, search for
additional information and revise incorrect conclusions. Prompts
that encourage users to evaluate accuracy, explain their reasoning,
or consider alternatives can improve information discernment and
analytical performance [27, 33, 34, 40]. In human–AI interaction,
such reflective interventions are widely used to improve users’
evaluation of AI-generated outputs and support more thoughtful
decision-making [31]. These approaches assume that better rea-
soning emerges from engaging users in more deliberate, reflective
cognitive processes.

However, reflection is not the default mode of human cognition[22].
Most judgments arise rapidly and automatically, accompanied by
intuitive feelings of rightness, coherence, or conflict that guide ac-
ceptance or rejection before deliberate reasoning begins [10, 32].
Reflection typically occurs only intermittently — when intuitive
responses feel uncertain, when stakes are high, or when cognitive
resources permit extended deliberation. And it often requires us
to shift our attention and give up whatever else we were currently
doing. As a result, reflection is inherently sparse and costly [38].
Interactive systems that rely on prompting reflection must compete
with users’ ongoing goals, limited attention, and cognitive con-
straints. Even well-designed reflective prompts introduce friction,
interrupt workflows, and depend on users’ willingness to engage
in effortful reasoning [5, 26]. This creates a fundamental limitation:
reasoning augmentation strategies that rely exclusively on reflec-
tion can improve reasoning locally, but do not directly improve the
intuitive processes that generate most judgments.

Cognitive science suggests that reasoning competence depends
not only on reflective abilities, but also on the quality of intuitive
responses, or so-called reflexive decisions, themselves. With train-
ing and experience, individuals can develop more reliable intuitive
judgments, including rapid sensitivity to logical inconsistencies and
misleading information [4, 11, 14]. These findings challenge the
assumption that reasoning augmentation must operate primarily
by triggering reflection. Instead, they suggest an alternative possi-
bility: interactive systems can augment reasoning by shaping the
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intuitive processes that guide users’ initial judgments. Rather than
repeatedly interrupting users to induce reflection, systems can help
users develop better intuitions—improving reasoning at its source.

Despite rapid advances in AI-assisted reasoning, much exist-
ing work still operationalizes reasoning support primarily through
explicit reflective scaffolds during interaction, such as explana-
tions, metacognitive prompts, Socratic questioning, and critique
[3, 13, 21, 31, 39, 41, 42]. Some of this work also aims to cultivate
longer-term habits of reflection, metacognitive oversight, or learn-
ing through repeated interaction [21, 42]. However, the dominant
mechanism of support remains explicit deliberative engagement
at interaction time: users are asked to slow down, inspect, justify,
compare, or reconsider. As a result, reasoning augmentation has
focused far more on eliciting reflection than on directly shaping the
intuitive appraisals, cue sensitivities, and learned default responses
that guide most everyday judgments. This reveals an important
imbalance in current approaches: substantially more attention has
been given to triggering reflection than to designing systems that
shape intuition. As a result, reasoning augmentation has focused
far more on eliciting reflection than on directly shaping the intu-
itive appraisals, cue sensitivities, and learned default responses that
guide most everyday judgments.

In this paper, we argue that reasoning augmentation should
move beyond reflection-centric interaction toward supporting the
development of better intuitions. We introduce a framework that
conceptualizes reasoning augmentation as an adaptive process that
senses users’ cognitive and behavioral signals, models their rea-
soning tendencies, and shapes intuitive judgments over time. We
synthesize evidence from human–AI interaction, cognitive science,
and decision-making to map the design space of reasoning aug-
mentation strategies and identify opportunities for systems that
support both reflection and intuition. By shifting the focus from
prompting reflection to shaping intuition, we outline a path toward
reasoning augmentation systems that not only help users reason in
the moment, but help them become better reasoners over time.

2 Defining Intuition and Reflection
Reasoning augmentation work often treats “better reasoning” as
“more reflection”: slowing down, examining evidence, and explic-
itly justifying conclusions [5, 8, 41]. In contrast, intuitions are fast
appraisals—often accompanied by affective signals like confidence,
coherence, or conflict—that guide acceptance or rejection before
deliberate reasoning begins [10, 44]. Reflection refers to slower, ef-
fortful operations such as rule-based evaluation, hypothesis testing,
and revising conclusions [22] — or experientially as “mulling over
a problem until it feels right”[19]. These modes are not strict stages:
intuitive appraisals can trigger reflection when uncertainty or con-
flict is detected, and reflection can shape later intuitions through
learning. However, reflection is sparse and costly [38]. It competes
with ongoing goals, consumes attention, and introduces friction
[22]. As a result, reflection-centric systems can improve reasoning
locally, but they do not directly improve the intuitive processes that
generate most everyday judgments.

3 Intuition as a “Superpower”
Although intuition is often discussed as a source of bias, it can be-
come highly reliable through training and experience. In many do-
mains, expertise appears as rapid, non-deliberative discrimination.
Radiologists, for example, learn to detect abnormalities in medical
images within milliseconds, and perceptual learning work shows
that this speeded sensitivity can be accelerated through structured
exposure and feedback [24, 49, 50]. In high-stakes practice, expe-
rienced firefighters rely on recognition-primed decision making:
they match situational patterns to action schemas rather than ana-
lytically comparing options [25]. Related effects occur in reasoning:
training on logical structures or informal fallacies improves later de-
tection of flawed arguments, suggesting that “something is wrong”
can become a default appraisal rather than a reflective achievement
[4, 14]. These “superpowers” reflect learned cue–response map-
pings strengthened through feedback and deliberate practice [12].
With sufficient training, conflict detection becomes faster and error
signals more reliable, allowing correct judgments to emerge earlier
in processing.

4 Intuition is Cue-Driven and Designable
Intuitive appraisals depend not only on what people have learned,
but on which cues the environment makes salient [16]. Interfaces
and representations can therefore shape intuition by suppressing
misleading cues, amplifying diagnostic cues, or altering the inten-
sity of intuitive reactions[17]. For example, systems might reduce
reliance on irrelevant identity cues (e.g., removing names or pho-
tos), highlight indicators of weak evidence, or introduce triggers
that make reasoning failures immediately feel wrong (e.g., making
ad hominem attacks perceptually salient as a fallacy). This suggests
a path for reasoning augmentation that does not require constant
deliberate engagement: rather than repeatedly interrupting users to
reflect, systems can reshape the conditions under which intuitions
form, cultivating fast “error signals” that guide when reflection is
needed.

5 Implications for Reasoning Augmentation
Taken together, intuition-centered augmentation complements reflection-
centric approaches. Reflection remains essential for novel, ambigu-
ous, or high-stakes problems, but intuition can be improved at its
source: by changing cues that trigger appraisals, reshaping how
cues are interpreted, and training new default sensitivities over
time. In the next section, we synthesize prior work to outline a
design space with five categories—Always-On Reflection, Selective
Reflection, Cued Intuitions, Shaping Intuitions, and Creating New
Intuitions—spanning momentary versus developmental interven-
tions and reflective versus intuitive targets.

6 Design Space
Reasoning augmentation can be implemented through a range
of interaction techniques that intervene at different points in the
cognitive process. Some techniques explicitly prompt reflective
reasoning, while others modify intuitive appraisals or support the
development of new intuitive competencies over time. These tech-
niques differ in cognitive cost, temporal scope, and durability of
impact. We organize prior work into five categories: Always-On
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Reflection, Selective Reflection, Cued Intuitions, Shaping Intuitions,
and Creating New Intuitions.

6.1 Always-On Reflection
Always-on reflection techniques systematically require users to
stop and think and engage in deliberate reasoning. These tech-
niques introduce structured friction that prevents passive accep-
tance of information and encourages users to articulate, justify, and
evaluate their conclusions. They are widely used in educational
systems, decision aids, and AI-assisted reasoning tools. Interaction
techniques. Cognitive forcing functions require users to generate
conclusions, rationales, or confidence estimates before receiving AI
output [5, 48]. Socratic prompting guides users through structured
questions rather than providing answers [9, 21]. Devil’s advocate
techniques introduce counterarguments or alternative explanations
[6]. Structured comparison techniques require users to evaluatemul-
tiple alternatives explicitly [2]. Metacognitive calibration prompts
ask users to assess confidence and uncertainty [33, 34]. Fallacy iden-
tification tools highlight reasoning weaknesses and prompt revision
[54]. Why it works. These techniques improve reasoning by forc-
ing articulation, expanding the hypothesis space, and improving
metacognitive awareness, reducing uncritical acceptance of flawed
conclusions. Failure modes. Continuous reflection introduces cog-
nitive cost, workflow disruption, and fatigue. Overuse may reduce
engagement or create dependency on external scaffolding.

6.2 Selective Reflection
Selective reflection techniques aim to trigger reflection only when
necessary. Rather than continuously imposing cognitive effort,
these techniques identify situations in which intuitive reasoning is
likely to fail and selectively introduce reflective interventions. This
approach reduces cognitive burden while preserving the benefits
of reflection. Interaction techniques. Systems trigger reflection
when detecting uncertainty, disagreement, or high error likelihood
[48]. Progressive disclosure provides partial hints before full solu-
tions [1]. Confidence-triggered prompts intervene when users ex-
press strong confidence in incorrect responses [42].Why it works.
Reflection is deployed when its expected benefit is highest, aligning
with evidence that reflective reasoning is selectively activated in
response to conflict [10]. Failure modes. Effectiveness depends
on accurately predicting when intervention is necessary. Incorrect
timing may frustrate users or miss critical reasoning failures.

6.3 Cued Intuition
Cued intuition techniques modify the cues that shape intuitive judg-
ments without requiring explicit reflection. Rather than prompting
deliberate reasoning, these techniques alter representations, in-
terfaces, or environments to influence fast, automatic appraisals.
These interventions operate directly on intuitive processes by mod-
ifying the signals that guide immediate evaluation. Interaction
techniques. Choice architecture modifies defaults, ordering, and
salience to influence intuitive judgments [43, 52]. Framing effects
demonstrate that linguistic and visual presentation alters intuitive
evaluation [46]. Cue removal, such as anonymization, reduces bias-
triggering signals [18]. Language priming alters intuitive reasoning

through linguistic context [15]. Cue amplification highlights diag-
nostic features such as logical inconsistencies [54]. Why it works.
Intuition relies on cue-based appraisal. Modifying cue salience al-
ters intuitive responses directly, enabling faster and more reliable
judgments without explicit analysis. Failuremodes. Effects may be
context-dependent and raise ethical concerns if users are unaware
of how cues are modified.

6.4 Shaping Intuitions
Shaping intuition techniques modify how users interpret cues, al-
tering intuitive appraisals without necessarily requiring explicit
reasoning. These techniques focus on restructuring interpretation
rather than merely modifying cues. Interaction techniques. Cog-
nitive reframing modifies how information is construed [37, 46].
Fallacy labeling transforms persuasive rhetoric into diagnostic cat-
egories [30]. Argument mapping restructures reasoning into visual
representations that support intuitive recognition of logical re-
lationships [47]. Why it works. Intuitive judgments depend on
interpretation. Changing interpretation alters intuitive appraisal
and improves reasoning reliability. Failure modes. Effects may
depend on user acceptance and may not generalize across contexts.

6.5 Creating New Intuitions
Creating new intuitions involves training users to develop reliable
intuitive reasoning abilities through repeated interaction, feedback,
and exposure. These techniques focus on long-term learning rather
than immediate intervention. Interaction techniques. Percep-
tual learning accelerates rapid discrimination through structured
exposure and feedback [24]. Logical intuition training improves au-
tomatic conflict detection [4]. Argument mapping builds structural
reasoning competence [47]. Inoculation training builds resistance to
manipulation [45]. Sensorimotor augmentation demonstrates that
new intuitive perceptions can be learned through repeated associa-
tion [23].Why it works. Intuition reflects learned cue–response
mappings. Training strengthens these mappings, enabling faster
and more reliable reasoning. Failure modes. Training requires
time, and learned intuitions may not transfer across domains.

7 Realizing Selective Reflection and Intuition
Augmentation

Realizing the full design space of reasoning augmentation requires
systems that can determine when reflection is necessary, which
intuitive cues to modify, and how reasoning tendencies evolve over
time. This capability depends on integrating three components:
sensing cognitive and affective signals, creating cognitive maps
of reasoning behavior, and adaptively deploying interaction tech-
niques based on these models.

7.1 Sensing Reflection & Intuition Signals
Recent work demonstrates that cognitive states relevant to rea-
soning—such as uncertainty, engagement, cognitive conflict, and
intuitive reactions—can be inferred from multimodal behavioral
and physiological signals. Eye gaze provides a continuous measure
of attention and comprehension and can be used to personalize LLM
assistance and trigger targeted scaffolding [35]. Facial expressions
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Category Cognitive cost Timescale Interaction techniques (examples)

Always-On Reflection: Force delib-
erate reasoning

High Immediate Cognitive forcing functions (user generates answer/rationale before AI) [5]; Socratic prompt-
ing [9, 21]; devil’s advocate counterarguments [6]; structured comparison of alternatives [2];
metacognitive calibration prompts [33, 34, 42]; fallacy identification and critique [54].

Selective Reflection: Trigger reflec-
tion adaptively

Medium Immediate Reflection prompts triggered by uncertainty/disagreement/predicted error [48]; progressive
disclosure of AI assistance [1]; confidence-triggered reflective interventions [42].

Cued Intuitions: Modify intuitive
cues

Low Immediate Choice architecture / digital nudging (defaults, salience, ordering) [43, 52]; fram-
ing/representation changes [46]; cue removal/anonymization [18]; language priming [15];
cue amplification (highlight fallacies/weak evidence) [54].

Shaping Intuitions: Alter felt mean-
ing

Medium Intermediate Cognitive reframing / reinterpretation scaffolds [37, 46]; fallacy labeling and category trans-
formation [30]; argument mapping and reasoning visualization [47].

Creating New Intuitions: Train in-
tuitive competence

Low (per instance) Long-term Perceptual learning with structured feedback [24]; logical intuition training [4, 14]; argument
mapping practice [47]; inoculation / prebunking [45]; sensorimotor contingency learning /
sensory augmentation [23].

Table 1: Design space of reasoning augmentation interaction techniques, organized by cognitive target, cost, and temporal
scope.

and behavioral engagement signals similarly provide real-time indi-
cators of confusion, attention, and cognitive effort [29]. Physiologi-
cal measures such as electrodermal activity (EDA) enable detection
of arousal and cognitive load, supporting adaptive intervention
policies that adjust assistance based on inferred cognitive state [7].
More direct sensing of interoceptive signals—including emerging
approaches to detecting “gut feeling” responses—demonstrates that
intuitive reactions themselves can be measured and modeled [28].
Together, these signals provide a substrate for selective reflection,
enabling systems to intervene when users are likely to benefit from
additional reasoning support.

7.2 Creating Cognitive Maps of Reasoning
Behavior

Beyond momentary sensing, enabling intuition-aware augmenta-
tion requires longitudinal models of reasoning tendencies. Interac-
tion traces from everyday activities—such as writing, search, and
communication—contain stable patterns reflecting heuristics, bi-
ases, and reasoning strategies. Prior work shows that user models
can be constructed from behavioral traces including email inter-
action patterns, document editing, and activity histories, enabling
inference of user goals and behavioral tendencies [36, 53]. Interac-
tion trace analysis has also been used to identify cognitive biases
and deviations in decision-making workflows, demonstrating that
reasoning tendencies can be inferred from behavioral patterns over
time [51]. These models form cognitive maps: structured representa-
tions of how individuals reason, including characteristic strengths,
vulnerabilities, and intuitive response patterns.

7.3 Adaptive Deployment of Interaction
Techniques

Cognitive maps enable adaptive selection of reasoning augmenta-
tion strategies. Rather than applying fixed prompts or interface
changes, systems can personalize interventions based on user-
specific reasoning tendencies and momentary cognitive state. This
enables dynamic coordination between reflection-oriented and
intuition-oriented interaction techniques. For example, systems
may trigger reflective prompting when cognitive maps indicate

elevated risk of reasoning error, amplify diagnostic cues when in-
tuitive responses are likely to be misleading, or reinforce reliable
intuitive patterns through feedback.

Together, these capabilities enable a shift from static reasoning
augmentation toward cognitive-aware systems that continuously
model and support human reasoning. By integrating multimodal
sensing, longitudinal cognitive maps, and adaptive intervention
policies, such systems can selectively deploy reflection, shape intu-
itive responses, and support the development of stronger reasoning
abilities over time.

8 Ethical Considerations
Reasoning augmentation systems that shape intuition and adapt to
users’ cognitive tendencies introduce significant ethical considera-
tions. Because these systems operate by modifying cues, reinforc-
ing associations, and influencing intuitive appraisals—often outside
conscious awareness—they carry risks of manipulation, loss of au-
tonomy, and covert persuasion. Interventions designed to improve
reasoning could also be repurposed to steer beliefs or decisions in
ways that benefit system designers rather than users. Longitudi-
nal cognitive maps, built from behavioral and physiological data,
raise additional concerns about privacy, surveillance, and the po-
tential misuse of sensitive cognitive inferences. Ensuring ethical
deployment therefore requires transparency about how systems in-
fluence reasoning, meaningful user control over interventions and
data collection, and clear alignment with users’ epistemic interests.
Designers should prioritize interventions that enhance users’ inde-
pendent reasoning competence rather than fostering dependence
on adaptive scaffolding. Finally, careful evaluation is needed to en-
sure that intuition-shaping interventions generalize appropriately
and do not inadvertently reinforce biases or degrade reasoning
in other domains. By centering user autonomy, transparency, and
long-term cognitive benefit, reasoning augmentation systems can
support human reasoning without undermining agency or trust.
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