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Abstract

Current augmented reading systems largely optimize for speed
and ease, yet cognitive science suggests that strategic difficulty
(“desirable difficulties”) can deepen comprehension and long-term
retention. We argue that a critical gap remains in how augmented
reading systems are evaluated: existing systems such as ScholarPhi,
Scim, and Paper Plain [3, 14, 19] commonly report task time and
subjective experience, while rarely measuring situation-model com-
prehension, metacognitive calibration, or delayed retention. This is
a position paper: we do not report an implemented system or empir-
ical results, but outline a design framework and evaluation agenda
for studying deep comprehension in augmented reading. Drawing
on Kintsch’s Construction-Integration model and Bjork’s desirable
difficulties framework [5, 24], we propose three interface mecha-
nisms that introduce productive friction in targeted moments: active
recall prompts, elaborative interrogation, and generate-first inter-
actions. We outline an evaluation blueprint that adapts validated
comprehension instruments, adds metacognitive calibration mea-
sures, and includes delayed retention testing (e.g., one-week follow-
up). We challenge the field’s implicit assumption that frictionless
reading optimizes learning, and argue for treating the speed-depth
trade-off as an explicit, measurable design variable.
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1 Introduction

Augmented reading interfaces have made remarkable progress help-
ing researchers navigate, skim, and extract information from scien-
tific papers. ScholarPhi provides just-in-time definitions for tech-
nical terms [19]. Scim uses Al-generated highlights to accelerate
skimming [14], Paper Plain simplifies medical text for non-expert
readers [3], and GP-TSM modulates word opacity to support multi-
level reading [17]. These systems share a common design philos-
ophy: reading should be faster and easier. Industry deployments
from Adobe, Apple, and Google similarly emphasize instant access
to summaries, simplified text, and effortless navigation [1, 2, 16].
But cognitive science reveals a fundamental tension between
processing speed and depth of understanding. Meta-analyses show
that screen reading, with its frictionless scrolling and instant access
to information, often yields lower comprehension than paper read-
ing for complex texts [11]. One explanation is that digital reading

breeds metacognitive overconfidence: readers feel they understand
material better than they actually do, creating an illusion of learning
[7]. When tools provide instant answers and summaries, readers
may become passive consumers rather than active thinkers.

Research on desirable difficulties demonstrates that conditions
requiring more mental effort, including retrieval practice, genera-
tion tasks, and spaced repetition, produce stronger retention and
deeper understanding than passive study, even when slowing initial
performance [4, 5]. The very struggle that learners instinctively
avoid is often what produces durable learning. A meta-analysis of
pre-question effects found that answering questions before reading
improved post-test performance with an average effect size of g =
0.54 across 97 studies, even when initial attempts were incorrect
[35]. Productive failure research with 133 ninth-graders found that
solving problems without instruction before receiving teacher-led
consolidation significantly outperformed direct instruction on both
well-structured and complex problems [21].

Yet current augmented reading tools have not fully explored this
tension. Analysis of representative recent systems [3, 14, 17, 19] sug-
gests a recurring pattern: studies rarely measure both textbase- and
situation-model comprehension, include delayed retention tests, or
assess metacognitive calibration. ScholarPhi (N=27) measured task
time and self-reported ease [19]. Scim (N=31) measured information
location speed [14]. Paper Plain (N=24) used a non-inferiority test
showing comprehension was not worse, not that it was better [3].
GP-TSM (N=18) measured immediate GRE scores but not delayed
retention [17].

Kintsch’s Construction-Integration model distinguishes three
levels of mental representation formed during reading, including
surface form (exact wording), textbase (propositional meaning), and
situation model (integrated mental model of the described situation),
each with validated assessment methods and distinct forgetting
curves [25]. Surface form vanishes within one hour, textbase drops
around seven days, and situation models persist for months [13].
Critically, measures improving textbase retrieval can impair situ-
ation model construction [24, 28]. Yet augmented reading studies
test immediately and rarely differentiate comprehension levels.

We argue that the augmented reading community should explore
the design space of productive friction: interfaces that strategically
slow readers down to enhance deep comprehension and long-term
retention. This position paper makes four claims and outlines a
corresponding research agenda. First, we synthesize Kintsch [25]
comprehension levels with desirable difficulties [5], arguing that
current interfaces optimize textbase retrieval at the expense of
situation model construction. Second, we propose three concrete
mechanisms for productive friction grounded in learning science
with documented effect sizes: active recall prompts, elaborative
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interrogation, and generate-first interactions. Third, we outline
a comprehensive evaluation methodology combining multi-level
comprehension instruments (including situation-model probes),
metacognitive calibration, and delayed retention testing (e.g., one-
week follow-up). Fourth, we articulate testable empirical predic-
tions, including a crossover interaction where frictionless reading
shows immediate advantages that reverse at delayed testing.

2 Theoretical Foundation and Prior Works

Our work builds on two foundational theories from cognitive sci-
ence: Kintsch’s three-level model of text comprehension and Bjork’s
framework of desirable difficulties. Understanding how these theo-
ries interact reveals why current reading interfaces may inadver-
tently undermine deep learning.

Kintsch’s Three-Level Model. The Construction-Integration
model defines three mental representations [25, 31]. The surface
code captures verbatim wording, decaying to chance within one
hour. The textbase represents propositional meaning, persisting
roughly seven days. The situation model integrates text with prior
knowledge, remaining robust for months [13]. Assessment uses
a recognition paradigm: participants judge whether sentences ap-
peared in the text using original, paraphrase, meaning-change, and
situation-change probes [36]. Signal detection sensitivity (d’) be-
tween probe types indexes each level.

Kintsch’s critical insight is that "text memory" differs from "learn-
ing from text"; interventions improving one can impair the other
[24]. Mannes and Kintsch [28] demonstrated that advance orga-
nizers matching text structure improved sentence verification but
worsened inference and problem-solving, while mismatching orga-
nizers showed the reverse. Interfaces optimizing for easy informa-
tion access may undermine the comprehension level that matters
most for learning.

Bjork’s Desirable Difficulties. The framework identifies mech-
anisms, such as spacing, interleaving, generation, and varying con-
ditions, that slow initial performance while building durable knowl-
edge [4, 5]. The generation effect is most relevant: producing an-
swers before seeing them creates stronger memory than passive
reading, even when the generated answers are wrong. Kornell et al.
[27] showed that participants generating incorrect guesses (97%
error rate) who then received feedback recalled targets more often
than those given twice as much study time. Meta-analysis found g
= 0.54 for pre-question effects [35]. Prior productive failure stud-
ies demonstrated that solving problems without instruction before
receiving teaching outperformed direct instruction [21, 22].

Importantly, perceptual disfluency (hard-to-read fonts) is unre-
liable. Meta-analysis of 25 studies found d = -0.01 for recall and d
= 0.03 for transfer, essentially null effects [39]. Cognitive genera-
tion (requiring active production) produces robust benefits while
perceptual friction does not.

Preference-Performance Paradox. Users prefer worse per-
forming systems approximately 25% of the time [33]. Bjork and
Bjork [5] showed that participants performing better with interleav-
ing "almost uniformly said blocking helped them learn better." Prior
analysis of Cognitive Tutor data revealed students frequently used
hints to obtain answers without learning [26]. User satisfaction
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ratings will favor frictionless designs, making objective compre-
hension measurement essential.

The closest prior work is iSTART, which teaches reading strate-
gies through animated agents [29]. Learners generate self-explanations
before receiving LSA-scored feedback. A study of 300 students
found reliable advantages in science comprehension one week post-
training [32]. However, iSTART is a training system wherein read-
ers complete sessions and then return to normal text, rather than
integrating friction into the reading interface itself.

3 Interface Design

Three potential mechanisms of inducing productive friction are
proposed below:

Active Recall Prompts. The interface could pause readers at
section endings with: "Before proceeding, summarize the key point
of this section in your own words." Readers type a brief response
(e.g., a few sentences) before the next section becomes visible. Re-
sponses are not graded during reading but could be scored post-hoc
using semantic similarity methods (e.g., LSA-style approaches) for
paraphrasing versus verbatim copying. This implements retrieval
practice (g = 0.54) [35], strengthening memory consolidation [23]
and building situation models by forcing integration [29]. We would
predict higher situation-model scores at a 7-day delay despite po-
tential immediate costs and improved metacognitive calibration.

Elaborative Interrogation. At high-importance claims (3-5
per paper), the interface highlights the sentence and asks: "Why is
this true?" or "How does this connect to what you know?" Readers
formulate explanations before optionally revealing Al-generated
expert answers. We could use a similarity-based heuristic between
reader and expert explanations to determine whether to show the
answer immediately (threshold to be established in piloting) or
encourage revision. Self-explanation prompts deeper processing
than reading exposition [10], activating prior knowledge [38] and
building causal models [9]. Meta-analysis confirms benefits for
conceptual learning [12]. We predict higher scores on inference
questions and transfer tasks.

Generate-First, Reveal-Second. When readers encounter un-
familiar terms (identified via domain glossaries or TF-IDF), the
interface initially hides definitions. Readers click "Generate" and
attempt to infer meaning from context. After an attempt (or a short
tunable delay), “Reveal” becomes available to access Al-generated
definitions. A "Skip" option logs usage. Comparison views show
reader inferences alongside expert definitions. This leverages pro-
ductive failure; attempting problems before instruction improves
learning [22]. Brief struggle followed by confirmation triggers pre-
diction error signals enhancing encoding [6] and makes information
more memorable through surprise [27]. We predict higher delayed
vocabulary retention and improved context-based inference skills.

These mechanisms share a structure: effortful cognitive process-
ing before information support. This contrasts with current systems
providing instant access. They should be mode-based, wherein deep-
mode enables all prompts for learning goals; skim-mode minimizes
friction for rapid information seeking.
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4 Evaluation Methodology

As a plausible first study, we outline a within-subjects design with
approximately 40-60 participants (final sample size to be deter-
mined via power analysis and piloting). Advanced undergraduate
and graduate STEM students would read three matched papers
from the same conference proceedings under three conditions:
baseline (standard PDF), frictionless augmentation (instant Al sum-
maries/highlights/definitions, similar to existing systems), and pro-
ductive friction (our three mechanisms). Papers would be matched
using Coh-Metrix readability indices [30], with Latin square coun-
terbalancing ensuring each paper appears equally across conditions.
Sessions would be separated by a minimum of 24 hours. The task
instruction would be: "Read as you would if preparing to discuss
with your research group. You’ll be tested immediately and in one
week.

Comprehension would be assessed at three levels. Surface recall
would include verbatim sentence recognition and factual details.
Textbase comprehension would be measured through paraphrase
recognition [36], single-sentence inferences, and fill-in-the-blank
items requiring propositional understanding. Situation model com-
prehension would be assessed using deep cloze tests requiring
global inferences [20], cross-sentence inference questions, transfer
tasks applying principles to novel scenarios, keyword sorting scored
against expert clustering, and questions requiring prior knowledge
integration. Automated scoring could optionally use semantic sim-
ilarity methods (e.g., LSA-style approaches) to support scalable
analysis of free-response explanations, following prior work link-
ing such representations to comprehension outcomes [15], and
scoring self-explanations for paraphrasing, bridging inferences,
and elaborative inferences.

Metacognitive Calibration. After completing questions, par-
ticipants would provide text-level Judgments of Learning (0-100
scale) and item-level confidence (1-5). Absolute calibration (bias)
would be computed as the difference between predicted and actual
performance. Relative calibration (resolution) would be measured
as the Gamma correlation between confidence and accuracy. We
predict productive friction improves both by forcing readers to
confront understanding gaps.

Delayed Retention. One week after each session, participants
complete surprise parallel tests. Based on Fisher and Radvansky
[13], surface form should be at chance across conditions, textbase
should show substantial forgetting, and situation model is the key
differentiator. Critical prediction: crossover interaction where fric-
tionless reading shows immediate advantage but productive friction
shows delayed advantage.

Secondary Measures. Secondary measures would include time
on task, scrolling patterns, re-reading detected via backward scrolls,
and use of skip options. Subjective measures would include NASA-
TLX cognitive load [18], perceived helpfulness ratings (Likert scales),
and open-ended feedback. We would predict preference-performance
dissociation: participants may prefer frictionless reading despite
better learning with friction.

This evaluation agenda would differ from much prior work in
four ways: (1) differentiated comprehension levels using validated
instruments, (2) delayed testing at 7 days, (3) metacognitive calibra-
tion measurement, and (4) inclusion of established comprehension

instruments (e.g., deep cloze) and optional automated analysis tech-
niques for free-response data.

5 Expected Implications

Hypotheses. We articulate four testable hypotheses that future
empirical work can evaluate. First, readers in the productive fric-
tion condition may score significantly higher on situation-model
questions at delayed testing (d > 0.50), though potentially lower
on immediate textbase questions due to time costs. This prediction
follows directly from the generation effect and retrieval practice
findings, which consistently show that initial performance costs are
offset by superior delayed performance. Second, productive friction
should yield more accurate judgments of learning, evidenced by
smaller absolute bias (predicted minus actual performance closer
to zero) and higher Gamma correlation between confidence and
accuracy. This follows from the finding that attempting retrieval
reveals knowledge gaps, improving metacognitive monitoring [37].

Third, the advantage of productive friction should grow with
delay, producing a crossover interaction where frictionless reading
shows higher immediate scores, but friction surpasses it at 7 days.
This pattern is the signature of desirable difficulties, wherein im-
mediate performance suffers while long-term retention improves
[5]. The interaction should be especially pronounced for situation-
model questions, as these are the measures most sensitive to durable
learning. Fourth, despite showing better learning outcomes, par-
ticipants should rate frictionless reading as more helpful and less
effortful, demonstrating the preference-performance paradox docu-
mented by Nielsen and Levy [33].

Design Implications. Reading interfaces should support multi-
ple modes aligned with goals: "quick scan" with maximal Al support
versus "deep study" with strategic prompts. Eye-tracking can clas-
sify deep versus skim reading with 0.82 AUC [8], enabling real-time
mode detection. Adaptive friction could adjust based on reader ex-
pertise, text difficulty (Coh-Metrix), and reading goal. Rather than
hiding friction features, interfaces could present calibration data
showing learning-effort trade-offs, enabling informed choice.

Evaluation Implications. Success metrics should expand be-
yond time-on-task and ease to include situation-model comprehen-
sion, delayed retention, metacognitive accuracy, and transfer. The
field should move from non-inferiority tests to superiority tests
with theoretically motivated measures, reporting effect sizes for
meta-analysis.

Al Augmentation Implications. Current trends emphasize
invisible, effortless AI [1, 2, 16, 34]. But if friction is productive, Al
might be most valuable when it doesn’t immediately answer ques-
tions, that is, when it guides sense-making rather than replacing it.
This suggests Al-as-coach rather than Al-as-oracle, where systems
scaffold active processing. Generate-first, reveal-second embodies
this, as Al support is available but deliberately delayed.

6 Limitations and Future Work

Productive friction is not universal. For readers with cognitive or
attentional differences, reducing friction may be essential for access.
Future work should examine how neurodivergent readers respond,
identify individual differences moderating effectiveness, and de-
sign adaptive systems calibrating friction to reader characteristics.



Our evaluation focuses on scientific papers, raising generalization
questions about narrative texts, news, and documentation. Does
friction help across text types, expertise levels, and reading goals?
Longitudinal studies are needed to assess long-term skill transfer:
do readers internalize strategies? How long do retention benefits
persist beyond seven days?

Design parameters such as prompt frequency, delay duration, and
any similarity-based heuristics are provisional and would require
piloting. Optimal friction likely varies by reader, requiring adaptive
adjustment. Our work focuses on individual reading, but much
consequential reading occurs collaboratively. How does productive
friction interact with collaborative sensemaking? These questions
deserve further exploration.

7 Conclusion

As Al makes reading increasingly effortless, we face a choice: opti-
mize for speed or for learning. This paper argues these goals are
often in tension. Our theoretical synthesis reveals that current inter-
faces likely optimize textbase retrieval at the expense of situation
model construction. We propose three mechanisms for produc-
tive friction (active recall prompts, elaborative interrogation, and
generate-first interactions), each grounded in learning science with
documented effect sizes. We outline an evaluation methodology
measuring what matters: situation-model comprehension, delayed
retention, and metacognitive calibration.

The broader implication is that success metrics should expand be-
yond time-on-task and ease. Speed is valuable, but not the primary
goal when reading to learn. By treating the speed-depth trade-off as
an explicit design variable rather than always optimizing for speed,
we can create tools supporting the full range of reading goals.
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