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Abstract

Web-based reading in online learning requires read-
ers to regulate attention while navigating heterogeneous
content under cognitive constraints. Rather than reading
linearly, learners dynamically alternate between skim-
ming, deep reading, and disengagement.
presents a transparent cognitive model of web reading
implemented in ACT-R (Anderson et al., 2004) within
a unified attentional control framework. Web content

This paper

is represented hierarchically (viewport, paragraph, sen-
tence) and semantic information is incorporated into
symbolic processing through clustered embeddings, en-
abling realistic simulation of attention allocation, com-
prehension, and quitting behavior. Simulation results,
conditioned on users’ screen-captured content, show that
reading persistence is primarily driven by sentence-level
attentional stability, modulated by higher-level explo-
ration. The model bridges information foraging and text
comprehension by providing a mechanistic account of
skimming, deep reading, and disengagement in web-
based learning.

Keywords: Web reading; Attentional control; ACT-
R; Cognitive modeling; Information foraging; Read-
ing engagement

1. Introduction

Web-based reading is central to modern online learn-
ing. Students navigate visually heterogeneous content,
dynamically alternating between skimming, selective
sampling, and deeper reading rather than reading lin-
early (Liu, 2005).
tion by balancing exploration and exploitation, deciding
when to skim, engage deeply, and when to move on
(Pirolli & Card, 1999). From this perspective, variabil-
ity in reading persistence reflects strategic information-
seeking rather than failure.

Readers adaptively regulate atten-

Research further shows
that frequent local switching disrupts coherence build-
ing, while sustained attention supports deeper informa-
tion integration (DeStefano & LeFevre, 2007; Kintsch,
1998). However, most empirical studies rely on surface-
level measures (dwell time, navigation patterns) without
modeling the internal mechanisms governing attentional
allocation, memory retrieval, and disengagement deci-
sions.

We present a transparent ACT-R model of web read-
ing that captures how readers dynamically shift between

skimming and deep reading while pursuing task goals.
The model explicitly represents perceptual, attentional,
memory, and decision-making processes over a hierar-
chical representation of web content, enabling simula-
tion of realistic reading behavior within a single web-
page. By grounding simulations in empirically observed
reading behavior and conditioning on each user’s screen-
captured content, this work provides a mechanistic ac-
count of skimming, deep reading, and disengagement
that links observable behavior to underlying attentional
control mechanisms.

2. Related Work

Research consistently shows that web reading is rarely
linear. Readers dynamically alternate between skim-
ming and deep reading, selectively attending to head-
ings, paragraphs, and salient sentences to assess rele-
vance before committing to detailed processing (Liu,
2005). Eye-tracking and interaction studies demonstrate
rapid attentional shifts across webpage regions reflect-
ing strategic resource management (Brumby etal., 2013;
Delgado et al., 2018). Studies of web navigation char-
acterize reading as attentional refocusing: readers fre-
quently interrupt reading to reorient attention based on
perceived relevance and task demands (Brumby et al.,
2013). From this perspective, quitting reflects rational
attentional control rather than lack of motivation.

Information foraging theory (Pirolli & Card, 1999)
conceptualizes information seeking as an adaptive pro-
cess balancing exploration costs against expected infor-
The SNIF-ACT model (Scent-based
Navigation and Information Foraging in ACT-R; (Fu &

mational value.

Pirolli, 2007)) extends this to describe how attention is
allocated across information patches under uncertainty.
While effective at explaining high-level navigation, these
models abstract away from fine-grained reading pro-
cesses and do not represent attentional regulation across
multiple levels of textual structure or the role of memory
retrieval in moment-to-moment reading decisions.
Kintsch’s Construction-Integration (CI) model de-
scribes comprehension as incremental integration of tex-
tual information with prior knowledge to form a situa-
tion model (Kintsch, 1988, 1998). Although developed
for linear texts, it provides the theoretical basis for the
imaginal-memory interaction in the present model. Prior
ACT-R-based models have addressed information forag-
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erarchical representation.

Process of extracting web content and its hi-

ing and text comprehension but typically abstract away
from the hierarchical, visually heterogeneous structure of
web pages. The present work integrates hierarchical web
content representation with ACT-R’s transparent control
mechanisms, unifying information seeking, attentional
regulation, and comprehension within a single frame-
work.

3. Approach
3.1 Hierarchical Representation of Web Content

Reading attention does not operate at a single level;
readers dynamically shift between coarse and fine lev-
els depending on task demands and perceived relevance.
Web content is organized into three levels: (1) the entire
viewport; (2) paragraphs; (3) sentences. For each view-
port encountered during reading, textual content was ex-
tracted. Then, this content is segmented into paragraphs
and sentences forming a nested hierarchy as illustrated in
Figure 1. Each extracted text segment is converted into
a semantic embedding using a large language model.
These embeddings capture the semantics of web con-
tent from abstract to detailed levels. The embeddings
are clustered to reduce dimensionality and mapped onto
a limited set of symbolic representations that serve as
input to the ACT-R model. This mapping enables the in-
tegration of rich semantic information with cognitively
interpretable processing mechanisms.

3.2 ACT-R Module Structure

The model integrates four core ACT-R modules, which
are utilized as follows:

Visual module. Represents perceptual access to web
content within the current viewport. Locates textual
elements as symbolic representations and shifts the at-
tentional spotlight to a selected region. Visual encoding
failures (no remaining content at the current level) are
explicitly represented and trigger attentional reorganiza-
tion or disengagement.

Imaginal module. Maintains an internal represen-
tation of currently attended content. Consistent with
Kintsch’s CI model (Kintsch, 1988, 1998), comprehen-
sion is modeled as incremental integration of newly read
information with prior knowledge to form a situation
model. Text semantic cluster identifiers are encoded
into the imaginal buffer and combined with task goals
and retrieved memory, enabling relevance evaluation,
coherence maintenance, and attentional control.

Declarative memory. Stores prior knowledge and
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Figure 2 Flow of production rules in the procedural
knowledge. The boxes indicate production rules. The
color of one-way arrows represent the distinction of
paths.
solved by sub-symbolic computation

The bidirectional arrows indicate conflicts re-

previously encountered content indexed by semantic
cluster identifiers. Retrieval success or failure critically
determines whether reading continues, attention shifts,
or disengagement occurs.

Procedural module. Production rules govern atten-
tional shifts, reading strategies (skimming vs. deep read-
ing), memory evaluation, and quitting decisions. Com-
petition is resolved via ACT-R’s utility-based conflict
resolution. As illustrated in Figure 2 reading behavior of
the model cycles among four major paths: Switch-path
(exploratory reorientation by shifting hierarchical level),
Keep-path (maintaining current focus), Reading-path
(perceptual-cognitive cycle encoding content and evalu-
ating via match-task and remind-content), and Quit-path
(competing via utility and triggered by a time-based pro-
duction). The relative utilities of these productions de-
termine the balance between skimming, deep reading,
and disengagement.

3.3 Sub-symbolic Parameters

Separate utilities govern viewport-, paragraph-, and
sentence-level switching, keep-reading, and quitting.
Declarative memory retrieval is controlled by activa-
tion and noise parameters: successful retrieval stabilizes
attention; failure promotes disruption. The model accu-
mulates time and repeated failures, gradually increasing
quitting utility, yielding graded, probabilistic behavior
mirroring variability in human web reading.

4. Simulation and Results
4.1 Human Experiment

Twelve undergraduate informatics majors (6 male, 6
female) completed two 30-minute web search and report
writing tasks in Japanese under high- and low-interest
conditions (July-November 2024)(Sorita et al., 2025).
Task difficulty was manipulated via conceptual com-
plexity.Participants freely browsed and composed short
reports with no quality evaluation.
screen recordings, screenshots, and pre/post interest rat-

Behavioral logs,



Smartphone apps, games, and other programs that run on
devices can sometimes fail to work properly or need to be
fixed immediately. Why do these “failures” occur? Also,
please research and summarize your thoughts on how to
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Figure 3 High interest task description for User 1.

With the spread of voice dialogue systems and smart de-
vices, designing user-system interaction is becoming in-
creasingly important. These interfaces need to not only
be functional, but also be designed to be “ease of use”
and “noticeable,’taking into account user perception and
behavior. Your assignment is to search for examples and
innovations in interface design that take human cognitive
characteristics (attention, perception, reasoning, etc.) into
account, and explain in your own words how they affect the
user experience.

Figure 4 High interest task description for User 2.

ings were collected. Two cases were selected for ACT-R
simulation, focusing on high-interest sessions without
self-reported mind-wandering.
4.2 Model Simulation

For each screen-captured webpage, text was extracted
via Optical Character Recognition (OCR)*! and seg-
mented into paragraphs and sentences. Screenshots were
sampled whenever a participant remained on a viewport
for more than 3 seconds, ensuring simulated reading
material closely matched experienced content. Seman-
tic representations were obtained using the Contrastive
Language-Image Pre-training model (CLIP) (Radford
et al., 2021).
the full viewport, each paragraph, and each sentence,
then clustered using K-means (K = 10) to yield discrete

These embeddings were computed for

cluster identifiers. Task goals were represented in the
same format: embeddings were computed from the as-
signment texts as shown in Figure 3 and Figure 4 and
clustered using the identical procedure, and the resulting
cluster identifiers were stored in the ACT-R goal buffer.

The model simulates web reading as an iterative cy-
cle of attentional allocation, perceptual encoding, mem-
ory evaluation, and quitting decisions, mirroring the
structure of the human task. Simulations systemati-
cally varied the initial utility values of switching produc-
tions across three factors: (A) Viewport-Switch utility,
(B) Paragraph-Switch utility, and (C) Sentence-Switch
utility, each set to Low (5.0), Middle (8.0), or High
(10.0).
stant*2, allowing differences in simulated behavior to

All other model parameters were held con-

be attributed to controlled manipulations of attentional
switching preferences rather than ad hoc rule changes.

*I pytesseract

2 wesc t, :If .05, :trace-detail medium , :rt -2, :ul t, :egs 0.1,
:v t, show-focus t, :visual-num-finsts 10, :visual-finst-span 10,
:reward 5 was given to reminde-content, continue-content, and
match-task productions, :reward 0 was given to retrieval-fail
and visual-fail productions

Mean Quitting Time (sec)

o N & 9

Low High Low High
Paragraph Utility Paragraph Utility

Figure5 Effects of utility values on mean quitting times
of the model (User 1 data)

To systematically explore these effects, we defined
nine simulation groups based on combinations of initial
utility values for the three switching factors: eight form-
ing a2x2x2 factorial design (Low/High per factor) plus a
baseline with all utilities at Middle (N = screenshots X 5
runs per group). We manipulate hierarchical switching
utilities to model skimming and deep reading as compet-
ing attentional strategies, and we use quitting time as a
global behavioral measure because it emerges naturally
from ACT-R’s utility-based control mechanisms and re-
flects the participant’s evolving engagement state during
web reading.

4.3 Results

User 1 (N = 200 screenshots): The baseline condi-
tion produced a mean quitting time of 4.93s, closely
approximating the empirical mean of 3.91s. Figure 5
shows that conditions with low sentence-switch utility
produced the longest quitting times, particularly when
combined with high viewport (M = 11.15, SE = 0.244)
or paragraph (M = 10.66, SE = 0.241) switching utili-
ties, biasing the model toward maintaining fine-grained
attention and prolonged engagement. High sentence-
switch utility markedly reduced quitting times, reflecting
frequent attentional reorganization and shallower pro-
cessing. When viewport switching was low under high
sentence-switch conditions, quitting times were shortest
(M =3.57, SE = 0.080), indicating that restricted high-
level exploration combined with frequent fine-grained
switching increases disengagement likelihood.

User 2 (N = 202 screenshots): As shown in Fig-
ure 6, a similar pattern was observed, with baseline
quitting time of 5.42s approximating the empirical
mean of 4.53s. Low sentence-switch utility again pro-
duced the longest engagement, especially combined with
high viewport (M = 12.41, SE = 0.299) or para-
graph (M = 11.81, SE = 0.266) switching. A facto-
rial ANOVA on User 2’s data confirmed a significant
three-way interaction among viewport-, paragraph-, and
sentence-level utilities, F(1,1608) = 26.08, p < .001,
confirming that quitting behavior emerges from coordi-
nated control across hierarchical levels rather than any
single mechanism. Although absolute mean quitting
times differed between users, reflecting differences in
content and reading dynamics, the qualitative effects
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Figure 6 Effects of utility values on mean quitting times
of the model (User 2 data)

of hierarchical switching utilities were consistent across
both simulated datasets. Prolonged engagement consis-
tently arose when attentional switching was encouraged
at coarser levels while constrained at the sentence level,
whereas increased sentence-level switching promoted
shallow processing and earlier disengagement. Because
all simulations for a given user operated on identical
content, these effects reflect internal attentional control
dynamics rather than content variation.

S. Discussion

This work demonstrates how a transparent cognitive
architecture explains variability in web reading persis-
tence by modeling attentional control across hierarchi-
cal content levels. Across simulated users, sentence-
level attentional control emerged as the primary deter-
minant of persistence. Low sentence-switch utility pro-
duced the longest quitting times, particularly paired with
high viewport- or paragraph-level switching, suggest-
ing that sustained engagement arises from broad explo-
ration combined with fine-grained stability at the sen-
tence level. High sentence-switch utility led to fre-
quent local reorganization, shallower processing, and
earlier disengagement, consistent with behavioral find-
ings on the costs of excessive local scanning (DeStefano
& LeFevre, 2007).

The model bridges information foraging and text com-
prehension by balancing exploration and exploitation
across multiple levels of textual granularity while in-
corporating comprehension-related memory processes.
Interactions between match-task and remind-content
mechanisms show how semantic relevance and memory
retrieval jointly regulate attentional stability, explaining
transitions between skimming, deep reading, and disen-
gagement. Integrating clustered semantic embeddings
into ACT-R preserves sensitivity to content meaning
while maintaining symbolic interpretability.

From an applied perspective, the model enables in-
ference about when adaptive intervention is beneficial—
detecting excessive sentence-level switching preceding
disengagement or recognizing productive coarse-level
exploration. Explicit representations of attentional and
motivational states provide a principled basis for adap-
tive learning technologies that support sustained atten-

tion and effective information processing. Limitations
include the focus on two individual cases under high-
interest conditions, which constrains generalizability,
and the use of quitting time as the sole behavioral out-
come.

6. Conclusion

This paper presents a cognitively grounded ACT-R
model of web reading that accounts for skimming, deep
reading, and disengagement within a unified framework.
Simulation results show that reading persistence emerges
from interactions among attentional control mechanisms
across hierarchical levels, particularly the balance be-
tween coarse-grained exploration and fine-grained sta-
bility. Conditioning the model on each user’s actual
reading material demonstrates that these effects reflect
internal cognitive control processes rather than content
differences. Future work will extend the model to larger
samples, incorporate mind-wandering mechanisms, and
explore how real-time estimates of attentional state can
inform adaptive interventions.
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