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Abstract

This paper develops the attention paper in the agency-semantics spine of Distinction
Theory. Building on the formal core of Active Finite Distinction Systems and the agency-
semantics spine, it treats attention as capacity-limited admission of candidate distinctions into
an update channel. A distinction becomes attended when it is admitted, maintained or made
recoverable, assigned a verification path or status, and made available for downstream update,
action, prediction, coordination, or boundary maintenance. The paper separates attention
from salience: salient distinctions may be rejected when their encoding, verification, or
maintenance cost exceeds available capacity, while low-salience distinctions may be admitted
when they have high causal boundary relevance or high exploratory information gain. The
paper introduces candidate distinction streams, admission gates, scalar and vector attention
budgets, boundary-gradient attention value, verification load, background scanning, semantic
deficit, nonlinear gate steepening, tunnel vision, attention hysteresis, attention failure modes,
collective attention, and audit protocols for biological, cognitive, artificial, organizational, and
civilization-scale systems. A deterministic synthetic normal-form model illustrates salience-
value dissociation, capacity-limited admission, verification-limited rejection, deficit-induced
tunnel vision, hysteretic recovery, and collective attention under epistemic pollution. The
paper does not replace cognitive neuroscience, rational inattention, predictive processing, or
transformer attention. It supplies a conservative finite-system bridge for analyzing attention
as distinction admission under capacity, verification, and resource constraints.

Keywords: attention; distinction admission; finite capacity; boundary maintenance; salience;
verification load; tunnel vision; active finite distinction systems; rational inattention; information
bottleneck; transformer attention; organizational attention; epistemic pollution.

Epistemic Notice and Scope

This manuscript is an agency-semantics spine paper, not a completed theory of cognitive attention,
consciousness, neural competition, or machine attention. It does not claim that all attention
is conscious attention. It does not claim that salience equals value, that current transformer
attention layers are sufficient for FDS attention, or that attention can be reduced to a single
scalar. Its claim is narrower: once a system is modeled as an active finite distinction system
with a boundary, memory, update rule, action space, finite capacity, and boundary-maintenance
loss, attention can be treated as the capacity-limited admission of candidate distinctions into an
update-relevant channel.

The paper follows the layered discipline of the FDS formal core and the agency-semantics
spine: formal definitions, normal-form models, bridge assumptions, and domain applications must
be separated. A failure of a biological, cognitive, artificial, organizational, or social mapping may
demote that mapping without refuting the formal FDS core [1, 2]. The deterministic numerical
model is illustrative only. It visualizes the definitions and failure modes; it is not empirical
evidence.



1 Introduction

A finite system cannot attend to everything it can detect. Detection produces candidate
distinctions; attention admits a subset of them into update. The difference matters. A flash, a
word, a warning, a memory, a social signal, a token in a model context, or a weak anomaly in an
instrument can be present without becoming operationally available. M1 begins from this gap
between availability and admission.

The FDS core defines an active finite distinction system as a tuple

S=(X,E,B,M,Y,A,U,mw, {,®,P,1), (1)

where X is internal state, E environment, B boundary, M memory/model space, Y observation
channel, A action space, U update map, 7 finite projection, £ boundary-maintenance loss, ®
resource budget, P perturbation/pruning family, and 7 update timescale [1]. The M0 agency-
semantics paper introduced a dependency skeleton

distinction — record — attention — value — goal — meaning — agency — culture, (2)

and defined attention as capacity-limited distinction admission into an update channel [2]. M1
expands the first active step in that chain.

1.1 Why attention needs a finite-system formulation

Attention is often described as selection, orienting, priority, competition, or limited-capacity
processing. M1 uses a different but compatible abstraction. It asks: when a finite boundary-
maintaining system faces more candidate distinctions than it can encode, verify, maintain, and
update, which distinctions are admitted to the next state?

This admission view is useful because it applies across scales. A cell admits some chemical
gradients into regulatory response. A brain admits some sensory and memory distinctions into
task control. A machine system admits some tokens, tool outputs, or observations into its
writable state. An organization admits some warnings into agenda and policy. A civilization
admits some claims into archives, standards, or science. In each case, the system must choose
because its update channel is finite.

1.2 Attention is not salience

The central distinction in this paper is between salience and attention. Salience is a property
of a candidate distinction relative to the current perceptual, informational, or social field: it
stands out. Attention is admission into an update-relevant channel. A salient distinction can fail
attention if it is too costly to verify, too expensive to maintain, irrelevant to the boundary task,
or suppressed by a higher-priority gate. Conversely, a low-salience distinction can be attended if
it has high causal boundary relevance or high information gain for a model that is becoming
brittle.

1.3 What this paper does not claim

This paper does not replace cognitive neuroscience, psychological theories of selective attention,
rational inattention, active inference, or transformer attention. It does not say that attention
is always optimal. It does not claim that every admission gate is conscious. It does not claim
that an attention matrix inside a neural network is attention in the full FDS sense. It supplies a
finite-system bridge: attention is constrained admission of distinctions into update.



Table 1: Claim-status summary for M1. The table is an audit device: several entries are formal
or operational bridge claims, not established empirical results.

Claim ID

Tier

Claim

Failure or demotion condition

M1-001

M1-002

M1-003

M1-004

M1-005

M1-006

M1-007

M1-008

M1-009

Formal bridge

Operational
bridge

Operational
bridge
Formal / model

bridge

Operational
bridge

AT /
bridge

cognition

Social bridge

Failure-mode
bridge

Operational
bridge

Attention is capacity-limited
distinction admission into an up-
date channel.

Salience and attention are sep-
arable. Salient distinctions can
be rejected if cost or verification
burden is too high.

Boundary-efficient or loss-
minimizing attention systems
preferentially admit high causal

boundary-value  distinctions
under  controlled capacity
conditions.

Attention allocation can be writ-
ten as constrained optimization
over value, curiosity, cost, and
capacity.

Semantic or attention deficit
steepens admission thresholds
and can produce tunnel vision.

Artificial attention belongs to
a coupled architecture only
when routed distinctions affect
durable update, action, mainte-
nance, or verification.
Collective attention is shared
admission under finite commu-
nication, verification, and exter-
nalized memory capacity.
Attention failure includes over-
load, distraction, salience cap-
ture, suppression, tunnel vision,
false admission, and critical dis-
tinction exclusion.

Attention recovery after deficit-
induced narrowing can lag be-
hind external load reduction
because of hysteresis in gate
thresholds, verification routines,
or maintained threat priors.

Attention-like selection occurs
without finite capacity, admis-
sion, update gating, or priority
constraint under the specified
mapping.

Empirical systems always admit
highest-salience items regardless
of cost, capacity, task, or verifi-
cation constraints.

Admission patterns are no bet-
ter predicted by causal bound-
ary value than by raw salience or
noise under a valid mapping.

No useful mapping exists be-
tween admission patterns and
constrained allocation variables.

High load or deficit produces no
narrowing, thresholding, or pri-
ority collapse in systems claimed
to have finite attention.

Bare attention weights alone sat-
isfy strong FDS attention with-
out durable update or down-
stream relevance.

Group-scale attention shows no
relation to verification capacity,
agenda-setting, or externalized
memory.

These failure modes cannot be
operationalized as admission er-
rors under finite capacity.

Attention gates relax immedi-
ately and without lag after load
reduction in systems where hys-
teresis is claimed.

2 FDS and MO background

2.1 Active boundary relevance

The FDS core applies its maintenance and deficit logic to active-boundary systems rather than
to every bounded object. A minimal relevance screen is

P(U(M;,Y:) # M) >0,

I(Myy150e4x) >0 (3)



for some k& > 0. In empirical settings this should be strengthened to an intervention or ablation
test:

Eltys | do(U)] # Elfysx | do(Tp)]. (4)

Attention matters to FDS only when admission affects a future update, record, action, verification,
or boundary-maintenance variable.

2.2 Candidate distinctions and update channels

Let Dy = {d¢1,...,dn} denote the candidate distinction stream during update window t.
Candidate distinctions may arise from sensors, memory, internal simulation, social communication,
external archives, tool outputs, or delegated systems. The update channel is the part of the
system through which admitted distinctions can affect My, 1, action selection, verification, or
future boundary-maintenance loss.

M1 distinguishes three events:

1. availability: a distinction exists in the candidate stream:;
2. detection: the system can register or measure the distinction transiently;
3. attention: the distinction is admitted into update-relevant processing.

Detection without admission is possible. Admission without durable maintenance is possible.
Reportability is downstream of attention: FDS attention can occur without report, and report
can fail after transient admission if maintenance or communication capacity is insufficient.

2.3 Notation alignment

Throughout the paper fy.int denotes boundary-maintenance loss. It is not physical entropy
production. Cyty denotes attention admission capacity; Cyeriry denotes verification capacity; Csem
denotes maintained semantic capacity. The physical entropy ledger, when relevant, is denoted
Yphys and is not identified with fpain¢. Admission, verification, and maintenance may have
physical costs under bridge assumptions, but M1 does not equate an abstract attention choice
with a fixed thermodynamic heat cost.

3 Definition: attention as distinction admission

Definition 1 (Candidate distinction stream). A candidate distinction stream D; is the set of
possible distinctions available to a finite system during an update window. Candidate distinctions
may be external signals, internal memories, simulated alternatives, social claims, environmental
affordances, or outputs of delegated systems.

Definition 2 (Attention gate). An attention gate is a map
at : Dy — [07 1]7 (5)

where a;(d) is the admission weight assigned to distinction d. Hard attention uses a:(d) € {0, 1};
soft attention uses a;(d) € [0, 1].

Definition 3 (FDS attention). A distinction d is attended by system S at time ¢ if it is admitted
through an attention gate, encoded into a maintained or update-relevant record, assigned
a verification path or verification status, and made available to downstream update, action,
prediction, verification, coordination, or boundary maintenance. Attention is capacity-limited
admission of candidate distinctions into the update channel of an active finite system.



Synthetic normal-form illustration: attention as distinction admission
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Figure 1: Synthetic normal-form illustration, not empirical evidence. Candidate distinctions
pass through a finite admission gate before they can become verification-addressable records
and condition downstream update or action. Boundary-loss feedback changes future admission
priorities.

3.1 Maintained attention versus transient detection

A camera sensor may detect a photon without storing a stable record. A person may register a
sound without using it. A model may compute an internal score for a token without preserving
the resulting distinction in a durable update state. M1 reserves the term attention for admission
into an update-relevant channel. This keeps attention distinct from raw sensing, transient
activation, salience, and post-hoc report.

3.2 Verification status classes

Verification need not be complete before a distinction counts as attended. M1 distinguishes
three cases:

Class Meaning

Attended-as-trusted  The distinction is admitted and treated as reliable enough
for downstream update.

Attended-for- The distinction is admitted in order to test reliability, cross-
verification check, or resolve conflict.
Rejected-unverified The distinction is detected or available but not admitted

because the verification path is too costly, unavailable, or
outside the update window.

This distinction will matter for later work on trust, scientific error correction, and epistemic
pollution.

3.3 Internal, externalized, and collective attention

Attention may be internal to a biological or artificial system; it may be externalized into lists,
alarms, calendars, dashboards, or agendas; and it may be collective, as when a group allocates
shared verification and communication capacity to some issues and not others. The same formal
gate can describe these cases, but the accounting boundary must be stated.



4 Attention allocation under finite capacity

Each candidate distinction has an admission cost
co(d) = &§(d) + &V (d) + ™ (d) 4 PP(d), (6)

including encoding, verification, maintenance, and opportunity cost. Unless otherwise stated,
c(d) is a scalarized cost in loss-equivalent or budget-equivalent units. A more detailed model
can replace Eq. (8) with vector constraints,

Z ar(d)ci(d) < CY, r € {enc, verify, maint, latency, energy}. (7)
deDy

The scalar attention capacity constraint is

> ar(d)ei(d) < Can(t). (8)

deDy

Definition 4 (Boundary-efficient attention allocation). An attention allocation is boundary-
efficient over horizon k if, under the stated model class and capacity constraints, no feasible
reallocation lowers expected boundary-maintenance loss plus scalarized admission cost over the
audited horizon:

a; is boundary-efficient if ~ Va; € A(Cat),

E[emaint,tJrk ‘ CL;] + )\C(a:) S E[£maint,t+k ’ at] + )\C(at) + €.

Definition 5 (Attention allocation). An attention allocation is an admission vector a; satisfying
Eq. (8). A boundary-efficient finite attention system should allocate admission toward distinctions
with high causal boundary relevance or high exploration value relative to their cost, while
respecting capacity and verification constraints.

A normal-form allocation problem is

aj € argmax Y a,(d) [Vﬁtt(d; k) + ntffai“(d)} st Y ade(d) < Canlt), (9
% dep, d

with a¢(d) € {0,1} for hard admission or a;(d) € [0,1] for soft admission. The hard case is

knapsack-like; the soft case is a fractional allocation. M1 does not claim real systems solve

Eq. (9) exactly. It uses the equation as an audit normal form: deviations can be interpreted as

salience capture, suppression, verification failure, learned priority, exploration, or misestimated

value.

4.1 Exploration and background scanning

A system that admits only currently high-value distinctions can become brittle. It may miss weak
early signals, model-breaking anomalies, or low-salience distinctions whose value is unknown.
M1 therefore separates exploitation from background scanning:

Catt (t) = Cexploit (t) + CYscaun (t), (10)

where Cexploit is spent on known high-value distinctions and Cgcan is reserved for uncertain or
model-informative distinctions. A simple information-gain term is

Itgain(d) = H(@t | Mt) — EowP(O|d,Mt) [H(Gt | Mtv dv O)] ) (11)

where ©; denotes latent task or environment variables and the expectation is taken over possible
verification outcomes, measurement noise, source reliability states, or latent-state interpretations
associated with admitting d. Equation (9) then formalizes an exploration-exploitation tradeoft:
admitting only high known value can reduce short-run loss while increasing long-run model
rigidity.



4.2 Verification cost from model incompatibility

Verification cost is not arbitrary. In an FDS observer, verification requires finite records,

comparison operations, cross-checks, memory turnover, and possibly external sources [3]. A
normal-form verification cost is
if
C::]en y(d) =co+ "?KLDKL(Pext(‘ | d)HPmt( ‘ Mt)) + HsrcCsource(d) + Hcrossccrosscheck(d)- (12)

The KL-like term represents incompatibility between the candidate signal and the internal model;
the source and cross-check terms represent provenance and corroboration cost. The KL term is
a normal-form contributor, not a universal law. In empirical applications it may be replaced by
a bounded divergence, a likelihood-ratio conflict score, a source-discrepancy measure, or another
model-discrepancy proxy. Surprising signals can be cheap to verify when the measurement
channel is reliable, the source is trusted, or the relevant test is simple. Model incompatibility is
only one contributor to verification cost: some surprising signals are cheap to verify, and some
familiar signals are expensive to audit.

Proposition 1 (Attention-salience dissociation). Salience is not sufficient for attention. Under
finite capacity, a salient distinction can be rejected if its expected boundary relevance is low or if
its verification and maintenance cost is high.

Proof sketch. Consider two candidate distinctions d; and d; when the capacity constraint permits
only one full hard admission. Suppose raw salience satisfies s(d;) > s(d;) but causal admission
value satisfies V" (d;; k) > V@"(d;; k) after costs are included. Any allocation maximizing
admitted causal value chooses d; over d;. Thus high salience does not imply attention. Under a
fractional or value-density greedy rule, the same dissociation appears when V2" (d;; k)/ci(d;) >
Vi (dis k) /eu(ds). O

Synthetic normal-form illustration: salience-value dissociation
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Figure 2: Synthetic normal-form illustration, not empirical evidence. Raw salience and causal
boundary-gradient value can diverge. Quadrants distinguish salience traps from hidden critical
signals. Under finite capacity, the admitted set can include lower-salience but higher-value
distinctions.



Synthetic normal-form illustration: capacity-limited admission with scanning
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Figure 3: Synthetic normal-form illustration, not empirical evidence. As attention capacity
increases, more distinctions can be admitted and more boundary-relevant value is retained. A
reserved background-scanning budget admits some uncertain, high-information-gain distinctions
that are not selected by exploitation alone.

5 Boundary relevance and causal attention value

FDS-M1 uses causal boundary relevance rather than mere correlation. Let do(admit(d)) denote
an intervention that forces a;(d) = 1 through the admission gate and permits downstream update
and action policy to condition on the resulting maintained record. Let do(—admit(d)) force
at(d) = 0 while leaving the rest of the gate, update, and policy mechanisms unchanged.

Definition 6 (Predictive attention relevance). A distinction d has predictive attention relevance
over horizon k if conditioning on it improves prediction of future boundary-maintenance loss:

VPR (4 k) = Ellmaint.erk | Mi] — Ellmaintork | Me, d) — Ace(d). (13)

Definition 7 (Causal boundary-gradient attention value). A distinction d has causal attention
value if admitting it changes expected future boundary-maintenance loss under the system’s
update and action channel:

V;att(d; k) = Ellmaint,t+k | Mz, do(—admit(d))] — E[lmaint t+k | My, do(admit(d))] — Aeer(d). (14)

The predictive version is an observational proxy. The causal version is preferred because a
distinction that correlates with loss but cannot alter update, verification, action, or coordination
is not yet attention-relevant in the operational sense.

Near collapse thresholds, average loss is insufficient. Let ¢, be a critical boundary-loss
threshold. Write Ay = admit(d) and Ay = —admit(d). Define

AdEg - E[gmaint,t—s—k ‘ Mt>dO(Ad)] - Ewmaint,t—i—k ’ MtydO(Ad)]u (15)
Acch - P(Emaint,t—i-k > Ec ’ Mt)dO(Ad)) - P(Emaint,t—l—k > Ec | Mtv do(Ad)) (16)

Risk-weighted attention value is then

‘/triskfatt(d; k) = AgEl 4+ oy AgP. — )\tCt(d). (17)



The first term is expected loss reduction. The second is collapse-risk reduction. Both are positive
when admission reduces risk.

Proposition 2 (Verification-limited attention). A finite system may fail to attend to a distinction
not because it cannot detect the distinction, but because it cannot verify or maintain it within the
update window.

Proof sketch. In a hard-admission system, if ¢;(d) > Catt(t), no feasible allocation can admit d
while satisfying Eq. (8). In a soft-admission system, d may receive a fractional weight, but it
cannot become maintained attention if the maximum feasible weight Ciy(t)/c(d) falls below
the minimum weight ani, required for downstream update. Thus detection does not entail
maintained attention. O

Synthetic normal-form illustration: verification-limited attention
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Figure 4: Synthetic normal-form illustration, not empirical evidence. Some distinctions have
high gross priority but high verification cost. Candidates above the verification threshold cannot
be admitted as maintained attention even when salience or gross priority is high.

5.1 Energy-time tradeoff and verification capacity

For short update windows, verification capacity can collapse even when raw detection capacity
remains high. Fast attention therefore favors low-cost, high-priority admission rules and is
more vulnerable to salience capture, stereotype-like compression, and risk-weighted shortcuts. A
minimal bound is

() T
Cverify < RverifyTa Nchecks (T) < - k’
chec

where Teheck 18 the minimum time per verification operation. When 7 is small, verification capacity
collapses and attention must rely on cheaper proxies. This connects M1 to the update-window
constraints of O2 [5] and the O3 finite-memory operational channel [6]: rapid attention in short
windows is not a cognitive flaw but a budget collapse.



6 Nonlinear attention gates, tunnel vision, and hysteresis

Attention gates often become nonlinear under load. Let n¢(d) denote novelty, r¢(d) threat or
collapse-risk relevance, I;7™"(d) information gain, and b; a threshold. Define a gate score

VS (ds k) = wi VA (d; k) + wo VR (ds k) + ws IF (d). (18)
A normal-form gate is

aild) = o (B, [VE“(ds k) + any(d) + 0re(d) = yer(d) — wi PP (@)C;P(d) ~ b ] ) . (19)

where Pf#5¢(d) is the probability that an admitted distinction is later judged false, misleading,
or non-actionable, and C;"*"(d) is the cost of repairing, retracting, or recovering from a false
admission. False admission can be more expensive than non-admission because the system may
need to maintain, propagate, retract, or repair an erroneous distinction. In social or institutional

systems this repair cost may grow superlinearly with propagation depth. The gate steepness is

5t = BO + BA[Asem(t)]-&-‘ (20)

As semantic or attention deficit rises, the gate steepens. This produces tunnel vision: fewer
distinctions are admitted, and admitted distinctions cluster around high immediate value, threat,
or novelty. Long-horizon structure can be excluded even when it is important. This is the
attentional analogue of capacity overflow and effective stochasticity in finite representation
systems [4].

Proposition 3 (Load-induced attention narrowing). If gate steepness [3; increases with semantic
deficit, then the admission probability becomes more threshold-like and the admitted set narrows
around high-score distinctions.

Proof sketch. For logistic o(fx), the derivative at the threshold is 5/4 and the transition width
scales as 1/f. Increasing f; therefore decreases the range of intermediate admission probabilities
and produces a sharper split between admitted and rejected distinctions. O

10



Synthetic normal-form illustration: nonlinear gate steepening
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Figure 5: Synthetic normal-form illustration, not empirical evidence. As semantic or attention
deficit increases, the admission gate steepens. Intermediate distinctions are excluded and the
system enters a tunnel-vision regime.

6.1 Recovery delay and attention hysteresis

Tunnel vision can be useful when immediate boundary threat dominates; it becomes harmful
when it blocks the distinctions needed for recovery. FDS-M1 treats recovery as an exit problem.
The system can broaden attention by increasing Chatt, reducing verification load, pruning obsolete
candidates, compressing repeated distinctions, externalizing records, or relaxing the task.

Recovery need not be immediate. Crisis load can change priors, routines, verification
checklists, or institutional thresholds. A minimal hysteresis model is

/Bt+1 = Bt + p(ﬁtarget(Asem(t)) + ht - ﬁt)a ht+1 = Xht + ClAsem(t)>Acv (21)

where h; is a gate-locking residue and 0 < x < 1. Even after Agem falls, h; can keep the gate
narrow for a recovery interval.

Proposition 4 (Exit-induced broadening with possible hysteresis). Under Eq. (19), an inter-
vention that lowers Agem, lowers ¢,(d), or increases Cyyy weakly broadens intermediate admission
unless offset by threshold increase or hysteretic lock-in. Under Eq. (21), broadening can lag
behind load reduction.

11



Synthetic normal-form illustration: attention hysteresis and recovery delay
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Figure 6: Synthetic normal-form illustration, not empirical evidence. During crisis load, gate
steepness rises and admission diversity falls. After load reduction, attention can recover with a
delay because gate thresholds, verification routines, or threat priors relax slowly.

7 Attention failure modes

FDS-M1 classifies attention failures as admission failures under finite capacity. This does not
replace clinical, cognitive, or neural taxonomies; it provides an operational bridge.

Definition 8 (Attention overload). Attention overload occurs when candidate distinction demand
exceeds admission, verification, or maintenance capacity such that task-relevant distinctions are
excluded.

Definition 9 (Distraction). Distraction occurs when low boundary-relevance distinctions are
admitted at the expense of higher boundary-relevance distinctions.

Definition 10 (Salience capture). Salience capture occurs when raw salience dominates admission
despite low causal boundary value.

Definition 11 (Suppression). Suppression occurs when a candidate distinction is blocked despite
positive boundary-gradient value, often because it threatens another maintained goal, identity,
institution, or proxy objective.

Definition 12 (Critical distinction exclusion). Critical distinction exclusion occurs when a
distinction needed to prevent boundary failure is not admitted before the relevant update window
closes.

Definition 13 (False admission). False admission occurs when a low-quality, adversarial,
unverifiable, or obsolete distinction enters the update channel and consumes capacity or corrupts
downstream inference.

Definition 14 (Attention recovery lag). Attention recovery lag occurs when a previously
narrowed gate remains narrow after external load or threat has fallen, because verification
routines, threat priors, or institutional thresholds relax more slowly than the triggering deficit.

12



Synthetic normal-form illustration: attention failure modes
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Figure 7: Synthetic normal-form illustration, not empirical evidence. Attention failures can be
represented as admission errors, maintenance/verification errors, and recovery-lag errors under
finite capacity.

8 Attention across domains

8.1 Biological and cognitive attention

In biological and cognitive systems, attention includes orienting, selection, working-memory
gating, task-set maintenance, and action preparation. FDS-M1 does not choose among neural
mechanisms. It supplies a shared accounting: a candidate distinction is attended only when it
enters a maintained channel that can condition update or action. This connects limited-capacity
attention to boundary relevance without claiming that all attention is consciously reportable.

8.2 Machine attention and transformer mechanisms

Attention weights in machine learning systems are not automatically FDS attention. Transformer
attention is internal parallel routing among representations. FDS attention is budgeted admission
into durable, update-relevant channels under a stated boundary, loss, and verification regime. A
bare inference call may implement useful routing while lacking durable self-updating boundary
state. A tool-using system with writable memory may satisfy stronger coupled-attention criteria
if admitted distinctions affect future update and verification.

Dimension Transformer attention FDS attention

Basic role token-to-token  routing or distinction admission into update
weighting

Budget compute/context constrained encoding, verification, maintenance,

latency, and boundary budget

Boundary often implicit or absent must be specified

Verification usually not intrinsic verification path/status is central

Agency attribution not implied by weights belongs to a coupled system if admit-

ted records affect future loss

One FDS-compatible interpretation is that hallucination risk increases when many signals are
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routed or retrieved without a sufficient verification channel tied to a boundary-maintenance task.
This is not a complete theory of hallucination; it is an admission-and-verification failure mode.

8.3 Organizational attention

Organizations attend through agendas, dashboards, meetings, metrics, issue queues, audits, and
formal reporting channels. An issue may be known locally yet fail organizational attention if it
does not enter a maintained decision channel. Organizational tunnel vision occurs when crisis,
bureaucracy, or incentive misalignment steepens admission thresholds so that only short-horizon
or proxy-relevant distinctions enter decision-making.

8.4 Civilization-scale attention

Civilization-scale attention is shared admission under finite communication, archival, scientific,
legal, journalistic, and institutional verification capacity. Claims become collectively attended
when they enter public records, standards, policy processes, scientific literature, or other
externalized memory. Epistemic pollution is a saturation attack on finite verification bandwidth
by low-cost, high-salience, low-reliability distinctions.

Let R (€;t) be the verification demand imposed by the shared distinction environment

.Verify
and Cj;’ilfly (t) the available civilization-scale verification capacity. Define
Rty (651)
Zawsjpon(t) = — i o (22)
BN

When Z/ponn > 1, the system cannot verify all candidate claims. It must ignore, trust blindly,
outsource verification, false-compress, or narrow the collective admission gate.

Proposition 5 (Collective attention as shared admission). Collective attention is shared distinc-
tion admission under finite communication, verification, and externalized memory capacity. It
fails when the shared gate admits low-quality distinctions or excludes boundary-critical distinctions
at scale.
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Synthetic normal-form illustration: collective attention and epistemic pollution
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Figure 8: Synthetic normal-form illustration, not empirical evidence. Collective attention fails

when verification demand saturates available verification capacity, increasing false admission,
agenda-capture risk, and collective tunnel vision.

8.5 Domain mapping examples

Table 2: Tllustrative domain mappings. Each row requires its own bridge assumptions and audit
protocol.

Domain Candidate distinction  Gate Capacity Failure
Cell chemical gradient receptor/regulatory  metabolic/regulatory missed nutri-
gate bandwidth ent or toxin
Human operator  alarm/anomaly task set and working attention and verifi- tunnel vision
memory cation time
LLM agent tool output or memory context/memory ad- tokens and verifica- hallucinated
record mission tion continuation
Organization issue or warning agenda/dashboard /auditneeting and audit ignored risk
bandwidth
Civilization claim or discovery science/media/legal  verification institu- epistemic pol-
archive tions lution

9 Normal-form model and reproducibility

The accompanying code implements deterministic synthetic normal-form illustrations. The
model is not empirical evidence. It is a consistency and visualization device that maps the
definitions to simple state variables.

The model uses a candidate distinction stream with salience, novelty, threat, long-horizon
relevance, source uncertainty, model divergence, verification cost, maintenance cost, encoding
cost, causal boundary value, collapse-risk reduction, and information gain. It implements greedy
capacity-limited admission, a reserved background-scanning budget, salience-value dissociation,
capacity sweeps, verification-limited rejection, nonlinear deficit-dependent sigmoid gates, atten-
tion failure-mode intensities, hysteretic attention recovery, and collective attention saturation.
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The random seed is fixed in code/generate_results.py. CSV outputs are stored in data/;
figure pairs are stored in figures/.

Table 3: Normal-form variable map. All entries are illustrative, not fitted empirical quantities.

Simulation variable Paper definition Interpretation

salience raw candidate prominence detection strength, not attention it-
self

causal value Eq. (14) expected boundary-loss reduction mi-
nus admission cost

information gain Eq. (11) exploratory value of model-updating
distinctions

verification cost Eq. (12) model incompatibility plus source
and cross-check burden

semantic deficit Eq. (20) task demand pressure that steepens
the gate

admission probability Eq. (19) soft gate output

recovery lag Eq. (21) delayed relaxation of attention nar-
rowing

verification saturation Eq. (22) shared demand/capacity ratio

10 Protocols and tests

Protocol 1 (Admission audit). Pre-register candidate distinctions, raw salience, costs, pre-
dicted boundary relevance, information gain, and admission outcomes. Test whether admitted
distinctions are better predicted by causal boundary value and exploration value than by salience
alone.

Protocol 2 (Salience-value dissociation test). Construct cases where salience and boundary
relevance diverge. M1 predicts that boundary-efficient attention should sometimes admit lower-
salience but higher boundary-relevance distinctions.

Protocol 3 (Capacity load test). Increase candidate distinction load or reduce admission capacity.
Prediction: admission narrows, low-priority distinctions are excluded, and the admission gate
becomes more thresholded.

Protocol 4 (Verification-burden test). Increase verification cost while holding salience fixed.
Prediction: unverifiable distinctions are rejected, delayed, externalized, or accepted blindly only
under failure conditions.

Protocol 5 (Exploration-budget test). Reduce or eliminate background scanning. Prediction:
short-run performance may improve under stable conditions, but weak early signals, anomalies,
and model-breaking distinctions are missed more often. Audit outputs include delayed anomaly
detection rate, model-update surprise after missed scanning, and long-horizon boundary loss
following short-horizon admission gains.

Protocol 6 (Tunnel-vision and hysteresis test). Induce semantic deficit, crisis load, or threat
pressure. Prediction: attention becomes steeply thresholded, high-threat distinctions dominate,
and recovery of broad admission lags behind external load reduction when gate hysteresis is
present.

Protocol 7 (Collective attention audit). Measure how groups allocate shared attention under
limited verification and communication capacity. Prediction: epistemic pollution increases false
admission, agenda capture, false compression, or collective tunnel vision when Z/pon > 1.
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11 Relation to existing fields

Selective attention and limited capacity. Classical attention research already treats
attention as selective and capacity-limited, including bottleneck, filter, and resource perspectives
[7-9]. Recent reviews emphasize that selective processing spans multiple forms of attention,
species, and levels of analysis [26]. FDS-M1 does not replace these accounts. It supplies a
cross-domain finite-system interpretation: selection is admission into update.

Biased competition and priority maps. Neural and cognitive accounts often describe
attention as competition among representations, biased by task goals and stimulus strength
[10-12]. M1 is compatible with this: priority is interpreted as boundary-relevance weighted by
cost and capacity.

Inattentional blindness and working memory. Inattentional blindness and working-
memory limits show that detection and report are constrained by limited admission and main-
tenance [13-15]. Working-memory gating models similarly emphasize that information must
pass controlled update gates to affect maintained state [16]. M1 formalizes this as distinction
admission with maintenance and verification cost.

Rational inattention and information bottleneck. Rational inattention treats information
acquisition as costly [17, 30]. The information bottleneck formalizes compression that preserves
task-relevant information [18]. M1 uses both as nearby mathematical idioms, while tying
admission to boundary-maintenance loss and update relevance.

Active inference and active sensing. Active inference and active sensing emphasize
perception-action loops under uncertainty [19]. M1 is compatible with these approaches but
emphasizes finite distinction capacity, verification burden, and the distinction between detection
and admission.

Transformer attention. Transformer attention is a powerful computational selection and
routing mechanism [20], but long context is not equivalent to robust admission: models can
fail to use relevant information depending on its position in context [27]. Recent work on
differential attention treats over-allocation to irrelevant context as an architectural failure mode
[28]. M1 does not identify transformer attention with full FDS attention. The latter requires an
accounting boundary, update relevance, and maintenance, verification, or downstream action
effect. Recent analyses show that transformer mechanisms can acquire gating-like operations on
working-memory tasks, but this does not by itself establish FDS attention unless the accounting
boundary, durable update, and verification path are specified [29].

Organizational attention, situation awareness, and agenda-setting. Organizations and
publics allocate attention through agenda formation, issue channels, and institutional filtering
[21-23]. Situation awareness work analyzes how operators perceive, comprehend, and project
task-relevant environmental elements [24]. Agenda-setting theory studies how media and public
institutions shape issue salience at collective scales [25]. Credibility cues and social norms can
improve truth discernment and reduce engagement with false content in social-media simulations,
suggesting one empirical interface for collective verification capacity [31]. FDS-M1 interprets
these as collective distinction admission under finite verification and communication capacity.
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12 Limitations and falsification

M1 is intentionally limited. It does not establish a general empirical theory of attention by
definition. It provides mappings that must survive operational audit. The framework is weakened
or demoted under any of the following results:

1. attention-like selection under a specified mapping shows no finite capacity, admission,
update gating, or priority constraint;

2. admission is always explained by raw salience and never by cost, verification, task relevance,
exploration value, or boundary-gradient value;

3. increasing load produces no narrowing, thresholding, exclusion, or priority collapse in
systems claimed to have finite attention;

4. distinctions can be detected, verified, maintained, updated, and acted upon without any
capacity or resource tradeoff;

5. artificial attention weights alone satisfy FDS attention without an accounting boundary,
downstream update relevance, or durable maintained record;

6. collective attention shows no relation to communication capacity, verification bandwidth,
agenda channels, or externalized memory;

7. claimed attention hysteresis disappears under controlled recovery tests where load reduction
should reveal persistent gate-locking.

13 Conclusion

Attention is the first active step in the agency-semantics chain. A distinction becomes opera-
tionally relevant only if it passes from availability into an update channel. M1 defines attention
as capacity-limited distinction admission and separates it from raw salience, detection, and
report. Its central chain is

candidate distinction — admission gate — verification path/status — maintained record

(23)

— downstream update/action — future boundary loss.

The paper introduces a finite-system vocabulary for salience-value dissociation, capacity-limited
admission, background scanning, verification burden, tunnel vision, recovery hysteresis, machine-
attention attribution, organizational attention, and collective attention under epistemic pollution.

M1 prepares later work. M2 can treat admitted distinctions as inputs to value and goal
ranking. M3 can treat attention as the entry condition for actionable semantic quotients. M5
can analyze trust as delegated verification that reduces repeated admission cost. A2 can audit
whether artificial systems externalize attention and verification to hosts. S2 can analyze epistemic
pollution as saturation of civilization-scale attention and verification bandwidth.

Code and data availability

The deterministic synthetic normal-form code, figures, and CSV outputs are included in the
replication package. Run python code/generate_results.py from the paper directory to
regenerate all figures and data.
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The author reviewed and selected the final claims, definitions, equations, and interpretations.

A M-series dependency map

Table 4: How M1 supports later M-series and civilization-layer papers.

Future paper Interface supplied by M1

M2 Value/Goal admitted distinctions become inputs to causal boundary-gradient rank-
ing

M3 Meaning attention supplies the entry condition for actionable semantic quotients

M5 Trust trust reduces repeated verification cost and changes admission probabil-
ity

A2 AT Alignment artificial systems must state whether attention belongs to model, tool,

memory, user, or coupled system

S2 Epistemic Pollution pollution saturates shared verification bandwidth and distorts collective
admission

G3 Science scientific method functions as collective claim admission, verification,
and error correction

G4 Civilization Mem- archives and standards stabilize externalized attention over time

ory

B Notation summary

Table 5: Notation used in M1.

Symbol Meaning

Dy candidate distinction stream at update window ¢

d candidate distinction

ai(d) admission weight for distinction d

c(d) scalarized encoding, verification, maintenance, and opportunity cost
cr (d) resource-specific vector cost

Clats(t) attention admission capacity

Csean(t) reserved background-scanning capacity

Clerity (t) verification capacity

ypred-att predictive attention relevance

yau causal boundary-gradient attention value

yrisk—att risk-weighted attention value near collapse thresholds
Vtgate combined gate score used by the nonlinear admission gate
I8 (d) information gain / exploratory value of candidate d

Agem (t) semantic capacity deficit

£ maint boundary-maintenance loss

> phys physical entropy-production ledger, distinct from £ aint
Zatt /poll collective verification saturation ratio

hy gate-locking residue / attention hysteresis state

X hysteresis persistence / decay factor, 0 < y < 1

¢ gate-locking accumulation increment under severe deficit
A, semantic deficit threshold above which gate locking accumulates
B attention gate steepness

Brarget deficit-dependent target gate steepness
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