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ABSTRACT

Modern user interfaces require continuous learning, rapid attentional shifts, and the
sustained appearance of multitasking, yet attention, memory, and learning are often
modeled separately in HCI and cognitive theory. This paper presents the Networked
Two-Dimensional Communication Channels (NTDC) framework as an information-
theoretic model of Ul-mediated interaction under uncertainty. Within NTDC, Shannon'’s
six entropy relations are instantiated as a directional Shannon-system and paired into
bidirectional/bidimensional TDC nodes within a networked interaction model. Attention
is modeled as decoding through mutual information, while memory is modeled as
stabilized actionable interface entropy through the CAIO-UAIO partition or, under an
alternative boundary specification, as part of the user’s cognitive state. Learning is
represented as the progressive stabilization of previously uncertain actionable options
across interaction states, and multitasking is interpreted as rapid sequential relocation
of attention rather than parallel cognition. NTDC therefore offers a compact, boundary-
relative analytical framework for examining informational alignment, interface
scaffolding, and learning dynamics in complex Ul systems.
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INTRODUCTION

External artifacts scaffold memory, while internal memory enables effective
interface use (Hutchins, 1995; Roberts, 1964). UI/UX research likewise
shows that cognition and interface structure operate reciprocally rather
than independently (Kirsh & Maglio, 1994; Scaife & Rogers, 1996; Zhang,
1997). Contemporary interactive systems intensify this relation: users must
sustain attention across distributed elements, learn evolving behaviors, and
relocate focus rapidly between tasks (Risko & Gilbert, 2016; Mateescu &
Kauffeld, 2024). What is commonly described as multitasking has therefore
become routine, even though it usually reflects rapid serial attention shifts
rather than true parallel cognition.
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Despite extensive work in cognitive psychology, neuroscience, and human-
computer interaction (HCI), attention, memory, learning, multitasking,
and interface architecture are still rarely integrated within a shared formal
framework (Carroll, 2003; Kotseruba & Tsotsos, 2020). Attention is
typically modeled as limited capacity, memory as modular storage, and
usability as performance outcome (ISO, 2018; Brooke, 1996). Although each
research tradition is mature, they remain structurally disconnected, reflecting
Byrne’s broader “divide-and-conquer” pattern in cognitive science (Carroll,
2003; Byrne, 2012). The limitation is therefore not empirical. Evidence for
forgetting, task switching, working-memory constraints, and skill acquisition
is abundant (Ebbinghaus, 1885; Rogers & Monsell, 1995; Miller, 1956; Fitts
& Posner, 1967; Tenison & Anderson, 2016). What remains lacking is a
portable modeling structure that treats these phenomena as parts of a unified
interaction system under statistical uncertainty.

This paper advances the Networked Two-Dimensional Communication
Channels (NTDC) framework (Chong, 2023, 2024, 2025a, 2025b, 2026) as
an information-theoretic model of Ul-mediated interaction. Within NTDC,
Shannon’s six entropy relations are formalized as directional Shannon-
systems and paired into bidirectional TDC nodes that can be networked
across interaction contexts. This makes it possible to represent interface
structure, user cognition, and information flow within a shared analytical
framework rather than through separate explanatory modules.

Within this framework, attention is modeled as decoding through
mutual information, memory as stabilized actionable structure under a
specified analytical boundary, learning as the progressive stabilization
of previously uncertain actionable options across interaction states,
and multitasking as rapid sequential relocation of attention rather than
parallel cognition. Because the framework is boundary-relative, memory
may be modeled either on the interface side as stabilized actionable
entropy or on the user side as part of the cognitive state, depending
on the analytical objective. The aim of this paper is not to propose a
new cognitive architecture, but to provide a compact formal structure
for analyzing attention, memory, learning, and interaction design within
complex UI systems. The next section situates this proposal within prior
work before Section 3 formalizes the model.

THEORETICAL AND REPRESENTATIONAL BACKGROUND

Modern interface environments impose structured cognitive demands.
Users must sustain attention across distributed elements, learn procedural
regularities, interpret feedback, and shift rapidly between subtasks. Although
attention, memory, learning, and usability have each been extensively
studied, they are usually modeled in isolation. The limitation is therefore
not empirical but representational: abundant evidence exists on forgetting,
interference, task switching, and skill acquisition, yet there is still no shared
formal structure that integrates user cognition and interface architecture
within a single model of interaction under uncertainty.
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Historical Foundations: Memory, Attention, and Multitasking

Research on memory, attention, and multitasking provides the empirical
background for understanding how cognitive systems encode, select, stabilize,
and shift information during interaction. Ebbinghaus (1885) established
the quantitative study of retention and forgetting. Atkinson and Shiffrin
(1968) later differentiated sensory, short-term, and long-term memory,
while Baddeley and Hitch (1974) refined short-term processing through the
working-memory model. In parallel, Broadbent (1958), Treisman (1964),
and Posner and colleagues (Posner et al., 1980; Posner & Petersen, 1990)
established attention as selective and capacity-limited rather than globally
available.

Research on multitasking and task switching reinforced the same
conclusion. Pashler (1994) formalized the psychological refractory period,
and Rogers and Monsell (1995) quantified switch costs in task performance.
Across these traditions, apparent multitasking is better understood as
rapid serial allocation of limited processing resources than as simultaneous
executive processing. Together, these lines of work provide strong accounts
of encoding, selection, stabilization, and coordination, but they primarily
describe internal cognitive organization rather than uncertainty distributed
across user-interface interaction.

Causal and Statistical Traditions

This history reveals two complementary modeling traditions. Causal models
explain mechanisms and functional roles. They show how memory stabilizes
patterns, how attention selects input, and how executive systems coordinate
tasks. Their strength lies in structural explanation, but they do not provide a
common probabilistic representation of uncertainty distributed across user
and interface boundaries.

Statistical models provide the complementary strength. Shannon’s
information theory formalized entropy, mutual information, and conditional
uncertainty as measures of structured uncertainty in communication systems
(Shannon, 1948). This framework offers a content-agnostic coordinate
system for representing information flow and alignment across interacting
components. Its limitation is different: it quantifies uncertainty without itself
specifying the cognitive mechanisms that produce decoding, stabilization, or
task coordination. Causal models therefore explain process, while statistical
models quantify uncertainty. What remains missing is a framework that can
coordinate both within a shared representation of interaction.

Attention, Memory, and Boundary Relativity

From an integrative perspective, attention may be understood as a bandwidth-
constrained, temporally serial decoding process. Memory may be understood
as stabilization: repeated interaction reduces conditional uncertainty and
expands the portion of actionable structure that can be decoded reliably
over time. In Ul contexts, however, both attention and memory depend
on where the analytical boundary is drawn. Stabilized structure may be
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bracketed on the interface side as external scaffolding or on the user side
as internalized knowledge. From the NTDC perspective, this is not an
ontological contradiction, but a consequence of boundary-relative modeling.

Interactions are also nested and networked. A local task may function
as one node within a broader workflow, which itself belongs to a larger
technological environment. Entropy, noise, and stabilization are therefore
relative to the selected boundary and scale rather than absolute properties of
isolated components. These considerations motivate a configuration-sensitive
framework capable of combining causal clarity with statistical rigor. The
following section formalizes NTDC through directional Shannon-systems,
bidirectional TDC nodes, and the boundary-relative entropy partitions used
to model attention, memory, learning, and multitasking.

FORMAL STRUCTURE OF THE NTDC FRAMEWORK

NTDC (Networked Two-Dimensional Communication Channels) is an
information-theoretic framework for modeling human-system interaction
under uncertainty. Building on Shannon’s communication theory, it refactors
the traditional one-way channel into a bidirectional, networked interaction
structure. This is achieved by instantiating Shannon-systems (Z) as the
atomic one-directional informational units and pairing them into TDC nodes
that can be linked across interaction contexts. Rather than replacing existing
cognitive or design theories, NTDC provides a shared entropic structure
within which attention, memory, learning, and multitasking can be modeled
as boundary-relative configurations rather than as separate formal primitives.

The Shannon Six-Tuple as Atomic Modeling Unit

Within NTDC, Shannon’s six entropy relations are instantiated as a structured
one-directional communication state, referred to here as a Shannon-system
(Z) (Chong, 2025a, 2025b, 2026):

Z=(H(X,Y),H(X),H(Y),/(X;Y),H(XY),H(YX))

Each entropy term retains its standard information-theoretic interpretation.
As H(X) represents input entropy at the interaction boundary; A (Y )
represents the user-side cognitive-state output entropy relevant to the current
decoding event; H (X Y ) denotes the joint entropy across both sides of the
interaction; H(X|Y) denotes residual input uncertainty given the current
cognitive state; H(Y|X) denotes residual cognitive uncertainty given the
current input; and / ( X:;Y) denotes the mutual information currently aligned
between the interface and user.

A TDC node is not identical to a single Shannon-system. Rather, it is a
bidirectional interaction unit composed of two directional Shannon-systems:

TDC=(Z,,Z,) o, TDC=Z &Z,
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where Z_represents system-to-user communication and Z  represents user-
to-system communication. For local analysis, when only one directional
interaction state is under examination, the relevant Shannon-system within
the TDC node may be denoted simply as Z. The NTDC framework then
consists of a network of such TDC nodes linked across interaction contexts.

Within the scope of this study, no additional atomic unit is introduced for
attention or memory. Instead, attention, memory, learning, and multitasking
are modeled as configurations within or across Shannon-systems and TDC
nodes rather than as separate formal primitives.

Partition of Input Entropy
Within the relevant directional Shannon-system (Z) of a TDC node, the

modeled input entropy may be partitioned analytically as

H(X)=H(X,,,)+H(X,,,)

CAIO UAIO

where H (X CAIO) denotes the entropy contribution of Certain Actionable

Interface Options (CAIO), and H (X wo ) denotes the entropy contribution
of Uncertain Actionable Interface Options (UAIO). CAIOs correspond to
actionable options whose interpretation and use have already stabilized
relative to the user’s prior interaction history, whereas UAIOs correspond
to actionable options that remain unrecognized, or recognized but not yet
stabilized, relative to the current cognitive state. (Chong, 2024, 2026)

This decomposition is analytical and boundary-specific rather than a
general Shannon identity over arbitrary variables. Its purpose is to distinguish
stabilized from unstable actionable structures within the modeled interaction
boundary. On this basis, learning may be represented as the progressive

movement of actionable structure from #H (X, UAIO) to H (XCA[O) across

sequential interaction states. No assumption is made that H(X,, ) must
vanish entirely; irreducible uncertainty remains a structural feature of open

interaction systems.

Boundary Specification and Relativity

In an NTDC network, every TDC node is defined relative to a specified
analytical boundary. Boundary specification determines what counts as input
entropy H (X ), what counts as cognitive-state entropy H (Y ), and which
elements are treated as internal or external to the modeled Ul-system.

Accordingly, a TDC node may function as a localized interaction unit,
as part of a larger NTDC network, or as a higher-level container for finer-
grained sub-nodes. The distinction between node and network is therefore
relative to analytical scale rather than fixed ontology. The same interaction
may be examined at different resolutions without altering the underlying
Shannon-system/TDC architecture of the framework.

Because entropy measures are boundary-dependent, stabilization observed
within one node does not necessarily imply stability across adjacent or
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higher-level nodes. This boundary relativity explains why an interaction may
appear stable or intuitive within a local scope while still containing hidden
uncertainty elsewhere in the system. Boundary specification is therefore
not a secondary interpretive choice but a technical requirement of NTDC
modeling.

Attention as Temporally Serial Decoding Along NTDC Node Edges

Within NTDC, attention is modeled as a temporally serial decoding process.
At the network level, the NTDC system may be represented as a directed
graph

G=

—

V,E),

where each vertex v el is a TDC node and each directed edge e = (Vl.,V/. ) ek

represents an entropy patch or information flow between nodes (Chong,
2026). Figure 1 summarizes this bidirectional node structure.
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Figure 1: A TDC node is a bidirectional pair TDC =(Z,,Z,) of Shannon-systems
corresponding to system-to-user and userto-system communication. In the NTDC
directed graph G=(V,E), vertices are TDC nodes and directed edges transmit
conditional-entropy patches between nodes. For a two-node subset {v1,v2}, the

interaction may be represented by two directed edges e, :(v1,v2) and e, :(vz,v1),
with e, # e,.

At the network level, attention may be represented by the directed edge
relation connecting the currently active nodes, indicating the present locus
of interaction within the broader UI system. At the local level, within the
relevant Shannon-system (Z) of a TDC node, attention is represented by the
mutual-information term /(X:;Y), which captures the actionable interface
option or options currently being decoded.

This yields a two-layer representation of attention. At the network level,
attention appears as movement across interaction nodes. At the local level,
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attention appears as decoding within a directional Shannon-system. What is
commonly described as multitasking is therefore modeled not as simultaneous
high-fidelity decoding of multiple streams, but as rapid sequential relocation
of attention across different nodes or across different portions of the AIOs
within a node. This interpretation remains consistent with empirical work on
task switching while preserving a compact formal structure.

Furthermore, the NTDC framework can also be applied to analyze
interactions involving non-human agents, such as machine users or
collaborative teams represented as a single user-entity node. In such cases,
the apparent capacity for multitasking may extend beyond a single point
of attentional access and instead involve multiple coordinated access points
within the NTDC network. In other words, NTDC is capable of modeling
both single-user interactive systems and multi-user interactive systems,
providing a unified, robust framework.

Bracketing Memory as Stabilized AlO Entropy in the Ul-System

Within the boundary configuration in which memory is bracketed on the
interface side, input entropy may be partitioned as:

H(X)=H(X,,,)+H(X,,,)

CAIO UAIO

where H ( XCA[O) denotes the entropy of Certain Actionable Interface Options
(CAIO), and # (X,

UAIO

Options (UAIO). H (X ) corresponds to actionable options whose

CAIO

) denotes the entropy of Uncertain Actionable Interface

interpretation and use have already stabilized relative to the user’s prior
interaction history, whereas A gX . ,0) corresponds to recognized actionable
options that remain unstable relative to the current cognitive state.

Under this boundary choice, memory is modeled as the stabilized portion
of actionable interface entropy, namely H (X o ,0) . This does not imply that
memory literally resides in the interface. The placement is analytical and
depends on the chosen system boundary. If external representations, signifiers,
and recurrent interface structures are included within the modeled system,
stabilized actionable structure may be bracketed on the interface side.

Learning may then be modeled as the progressive transformation of
entropy from H (X wuo) to A (X o) across sequential interaction states.
Attention and memory remain analytically distinct. / (X ;¥ ) represents the
actionable structure currently being decoded, whereas A (X CA[OSD represents
the stabilized actionable structure available for decoding. Therefore, we can

define memory (M) as:

M=H(X,,)

CAIO

As the stabilized portion grows, decoding can often be achieved with lower
conditional uncertainty and greater procedural fluency.
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Multitasking as Sequential Attention Relocation Across AlOs

Within NTDC, multitasking may be interpreted as rapid sequential
relocation of attention across actionable interface options represented
within or across TDC nodes. Because the mutual information term /( X;¥
represents attention at the local level, multitasking does not correspond to
simultaneous high-fidelity decoding of multiple interface elements. Instead, it
reflects repeated transitions between distinct decoding events.

Under the decomposition

H(X):H(XCA10)+H(XUAIO)’

attentional relocation may occur across both stabilized and unstable portions
of the actionable entropy space. Relocations toward H (X CAm) typically
involve lower conditional uncertainty because the relevant correspondences
between interface structure and user cognition have already stabilized
through prior interaction. Relocations toward H (X UAIO) typically involve
greater conditional uncertainty and more real-time interpretive effort. What
appears phenomenologically as multitasking may therefore arise from rapid
movement across regions whose stabilization levels differ.

This relation does not require a separate augmentation module. Rather,
stabilized actionable entropy provides the structural conditions under which
some attentional relocations become faster and more fluent than others.
Multitasking performance within a modeled task scope therefore depends
not only on the speed of attentional relocation, but also on the current
distribution of stabilized and unstable actionable structure.

At present, this interpretation remains a theoretical modeling proposal.
Although existing empirical work on task switching and psychological
refractory effects is broadly consistent with temporally serial allocation,
the specific entropy decomposition proposed here has not yet been directly
validated through controlled UI studies.

Memory Bracketed as a Component of User Cognitive State

Memory may also be bracketed on the user side of the analytical boundary.
In this configuration, H(X) represents only the actionable interface
options present at the Ul boundary, while the user’s cognitive state contains
the internal structures relevant to decoding. The cognitive state may be
partitioned analytically as:

H(Y)=H(Y,)+H(Y,)

where H (YM) denotes the user’s accumulated operational knowledge—

“memory”—and H (YP) denotes the user’s current functional “purpose”.
This decomposition is analytical rather than ontological. It does not claim
that memory and purpose are independent psychological modules in a strong
architectural sense. Rather, it provides a boundary-specific representation of
the user-side factors that condition decoding within the current interaction.
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Under this boundary choice, successful decoding depends on the relation
between interface entropy H(X), accumulated knowledge FH(V ), and
current purpose H(Y,). This configuration is especially useful when the
analytical focus lies in product structure, interface composition, or user-side
task orientation. By contrast, the interface-side bracketing of Section 3.5
is better suited to analyses of scaffolding, stabilization, and learning in the
interaction environment. The two configurations do not duplicate memory
within a single model; they provide complementary descriptions of the same
interaction under different boundary choices.

DISCUSSION

The main purpose of NTDC is not a full simulation of cognition, but a
boundary-relative analytical instrument for reasoning about Ul-mediated
interaction under uncertainty. By defining a Shannon-system (Z) as
the atomic one-directional informational unit and a TDC node as the
bidirectional (bidimensional) interaction unit 7D¢ = (Z,,Z) > the framework
provides a shared coordinate system for representing uncertainty, decoding,
stabilization, and interaction structure across user-system exchanges. In
this sense, NTDC mediates between causal interpretations of cognition and
statistical representations of information flow without requiring separate
formal primitives for each process.

Integration of Memory, Learning, and CAIO Stabilization

The CAIO-UAIO decomposition introduced in the previous section provides
a compact representation of stabilization within the actionable input space.
When memory is bracketed on the interface side, H(X_,,) represents
the stabilized actionable structure available for decoding, while # (X il
represents actionable structure that remains uncertain relative to the current
cognitive state.

Within this arrangement, learnin§ may be modeled as an increase in

the stabilized contribution A (X o) across sequential interaction states.

Attention remains represented by / (X ;Y ), not by the stabilized partition
itself. The decomposition therefore does not collapse memory and attention
into the same term; rather, it distinguishes stabilized availability from current
decoding.

Because this decomposition is located within the entropy structure of
the relevant Shannon-system, it supports both conceptual analysis and
computational tracking of familiarity, procedural fluency, and interface-side
learning.

Boundary Flexibility and Modeling Perspective

NTDC is a boundary-relative framework, and its modeling flexibility
depends on keeping the analytical boundary explicit. As shown in previous
discussions, the same interaction event £ may be represented through two
boundary-relative memory models: an interface-side model, where memory
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is represented by stabilized actionable entropy, and a user-side model, where
memory is represented as a component of the cognitive state.
For a given event £, define

CAlO

M (E)=H,(X,,) and M (E)=H,Y,)

where M, ( E) is the interface-side memory representation for the event E,

and M, (E) is the user-side memory representation for the same event. These

quantities are comparable only when they are computed over the same event

scope, with the same logarithmic base and the same analytical granularity.
The discrepancy between the two boundary-relative representations may

then be defined as
A, (E)=IM (E)-M,(E)|.
Ideal boundary alignment is given by
A, (E)=0.
In practical interaction settings,
A, (E)>0

is generally expected. Smaller values indicate closer alignment between
interface-side stabilization and user-side operational knowledge; larger
values indicate greater divergence between the structure supported by the
interface and the structure available in the user’s cognitive state.

This discrepancy is diagnostically useful. It does not imply that one model
is correct and the other mistaken. Rather, it quantifies the difference between
two formally compatible perspectives on the same interaction event. In this
respect, NTDC’s boundary flexibility is not merely a notational convenience
but a comparative modeling resource. The logic is analogous to Shannon’s
use of asymmetric entropy terms to characterize the same communication
event from different positions in the channel, while adapting that principle to
interface-side and user-side memory bracketing in interactive systems.

Within NTDC, we can denote the analytical boundary of a use case as B,
which sets the closure of the system-of-consideration, Range of Interest (ROI)
marks the focal subset, attention is the active-based decoding within that
ROI, memory is stabilized, actionable structure available for later decoding,
and learning is the progressive stabilization of uncertain options across
interaction states; this hierarchy and framework component repurposing
is introduced not to complicate the model or the theory, but to let NTDC
cope compactly with the complexity already present in fragmented scientific,
cultural, and linguistic understandings of these terms.

Potential for Time-Slice Analysis of Learning Dynamics
One practical extension of the framework is time-slice analysis of learning

dynamics. Sequential interaction states may be indexed as {Z (f ; )}ieN, or as

{T DC (t,- )} ,, When both communication directions are analytically relevant.



124 Chong

This makes it possible to track changes in stabilized and unstable actionable
entropy across repeated interaction within the same modeled task scope.
One simple learning indicator is

A forn (ti’tj) = Hz/ (XCAIO ) - Ht,. (XCAIO )

Positive values indicate that more actionable structure has become
stabilized between ¢ and ¢, within the modeled scope. The complementary
change in # (X i 10) may be’examined at the same time, although monotonic
decrease should not be assumed in open systems, changing interfaces, or
shifting task boundaries.

These time-sliced comparisons make it possible to study interface
familiarization, procedural learning, and changes in task fluency without
leaving the core NTDC formalism. At present, however, these implications
remain theoretical. Controlled user studies are still needed to determine how
changes in the entropy decomposition correspond to observable interaction
behavior.

Reflection and Future Research

This paper establishes the conceptual structure of NTDC as a boundary-
relative framework for modeling interactive communication under
uncertainty. Several implications, including the relation among memory
stabilization, learning, and automation, remain outside the scope of the
present study and require empirical testing. Future work should examine
how the proposed entropy partitions correspond to observable interaction
behavior in controlled UI studies.

NTDC may also be understood as a cognitive instrumentation framework.
Like Shannon’s communication theory, it provides a measurement architecture
for structured reasoning rather than a full semantic simulation. Within
this architecture, the entropy terms of the directional Shannon-system (Z)
function as analytical variables, and paired Shannon-systems form TDC
nodes for modeling user-system interaction. NTDC therefore serves as a
compact instrument for diagnosing informational alignment, uncertainty,
and stabilization in Ul-mediated communication.

CONCLUSION

This paper has presented NTDC as an information-theoretic framework
for modeling attention, memory, learning, and multitasking in Ul-mediated
interaction. Within NTDC, directional Shannon-systems are paired to form
TDC nodes, allowing interface structure, user cognition, and information
flow to be represented within a shared analytical model. Attention is treated
as decoding through mutual information, memory as stabilized actionable
structure under a specified boundary, and learning as the progressive
stabilization of previously uncertain options across interaction states. Because
the framework is boundary-relative, the same interaction may be modeled
from interface-side and user-side perspectives, and the discrepancy between
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those perspectives can itself be analytically informative. NTDC therefore
offers not a full cognitive simulation, but a compact analytical instrument for
examining alignment, uncertainty, and stabilization in complex interactive
systems. Future work should test these relations through empirical studies of
interface use and learning.

NOTE FORTERMINOLOGY UPDATES

In the author’s previous publications (Chong, 2023-2026), the theoretical
models of Two-Way Communication Channels (TCC) and Networked Two-
Way Communication Channels (NTCC) were introduced to describe modern
interactive Ul design and user-system information exchanges. To avoid
confusion with Claude E. Shannon’s (1961) term “Two-Way Communication
Channels,” which refers to a physical bidirectional transmission system,
these concepts are hereafter referred to as Two-Dimensional Communication
Channels (TDCC), with the shorthand TDC adopted for general use. The
corresponding networked framework is accordingly termed Networked
Two-Dimensional Communication Channels (NTDCC), or NTDC in short.
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