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FDS-T1 defines finite-observer distinguishability budgets. FDS-O1 turns those budgets into mea-
surement capacity, and FDS-O2 turns finite record update into register time. FDS-T3 abstracts
the common mechanism: capacity overflow. When task-relevant distinction demand exceeds acces-
sible capacity, a finite observer or finite system cannot track all distinctions needed for full-fidelity
prediction. The missing distinctions re-enter the accessible description as coarse-graining, effective
stochasticity, hysteresis, false invariants, externalization demand, or failure. This paper formulates
effective stochasticity as structured dynamics viewed through non-injective finite projection. Even
when dynamics on a larger state space is deterministic, the induced dynamics on the accessible
record space can be stochastic because multiple inaccessible states map to the same visible state
while having different successors. This version strengthens the phase-transition layer: it defines
the overflow deficit, predictive susceptibility, effective Markovian closure error, informational hys-
teresis, observer hierarchy, and a maintenance-cost selection score for Phase-B invariants. Phase-B
invariants are coarse variables that remain cheap to update, slow to forget, and approximately
Markovian after microstate tracking fails. Deterministic simulations illustrate projection-induced
stochastic kernels, critical deficit susceptibility, Markov closure, invariant selection, irrecoverable
post-overflow loss, capacity-relative stochasticity, Phase-A /Phase-B transition, and semantic drift
in finite-context Al-like systems. The paper does not claim that all randomness is epistemic, that
quantum randomness is derived, that topology is required for all persistence, or that fundamental
conservation laws are reduced to observer capacity. Its narrower contribution is a finite-capacity
bridge model: effective stochasticity is the shadow cast by finite projection, and law-like structure

is the residue of distinctions that remain cheap, predictive, and slow to forget under overflow.

Scope and Boundary of the Theory. This paper
studies effective stochasticity relative to finite distin-
guishability budgets. It does not deny the usefulness of
stochastic models, does not claim that all physical ran-
domness is reducible to ignorance, does not derive quan-
tum measurement probabilities, does not modify unitary
quantum mechanics, and does not assert that all persis-
tent structures require topological protection. It treats
stochasticity operationally: a finite system sees a tran-
sition as stochastic when its accessible record state does
not carry the distinctions needed to make the transition
deterministic. The result is compatible with determin-
istic, stochastic, quantum, and thermodynamic descrip-
tions on larger or different state spaces.

Claim-status summary

Table I summarizes the central FDS-T3 claims, their

epistemic status, and the conditions under which they
should be weakened or rejected.
Keywords: capacity overflow; effective stochasticity; fi-
nite observer; finite distinguishability; coarse-graining;
projection; stochastic kernels; hidden variables; Markov
closure; predictive susceptibility; Phase-B invariants;
hysteresis; semantic drift; information thermodynamics;
active finite distinction systems.

INTRODUCTION
From finite budgets to overflow

FDS-T1 defines an observer-relative distinguishability
budget: a finite physical observer cannot register, pre-
serve, update, and operationally use unlimited distinc-
tions [1]. FDS-O1 applies this budget to measurement,
showing that stable record formation is limited by sensor,
channel, memory, buffer, update, and thermodynamic
bottlenecks [2]. FDS-O2 applies the same idea to time,
treating usable temporal order as causally ordered finite-
record update [3]. Both operational papers use the same
structure: a task requires distinctions; the finite system
can carry only some of them; when demand exceeds ca-
pacity, full-fidelity tracking exits into compression, delay,
state merging, externalization, reset, or failure.

T3 abstracts the common mechanism. Capacity over-
flow occurs when the distinctions required for prediction,
control, or persistence exceed the distinctions accessible
to a finite system. The system can still operate, but
only after projecting the larger state space into a smaller
accessible record space. That projection can be many-to-
one. When it is, the same visible state can correspond to
multiple hidden states with different successors. To the
finite system, the next visible state is no longer deter-
mined by the current visible state alone. The dynamics
becomes effectively stochastic.



TABLE I. Central FDS-T3 claims, epistemic status, and demotion or failure conditions.

Claim Status What would weaken or falsify it

Capacity overflow occurs when Operational Full-fidelity tracking persists under bounded

task-relevant distinction demand criterion resources after independently estimated

exceeds accessible capacity. demand exceeds all accessible capacity.

Non-injective projection induces  Conditional A many-to-one accessible projection always

effective stochasticity. theorem induces deterministic accessible transitions
despite hidden successors varying within the
same visible record class.

Overflow has a critical-deficit Testable Predictive error, transition entropy, and exit

signature. prediction signatures vary smoothly through controlled
capacity crossing with no susceptibility peak,
kink, or rapid regime change.

Phase-B variables are selected by Selection All coarse variables lose predictive

low update cost, slow information principle information at the same rate under

decay, and approximate Markov projection, regardless of update cost, closure

closure. error, or persistence utility.

Capacity recovery need not Conditional Discarded distinctions are perfectly

reverse overflow. prediction reconstructed after capacity recovery without

Stochastic descriptions are Scope claim
capacity-relative unless supported
by capacity-independent noise
sources.

Long-context drift is a domain
projection of wrong invariant

completion under overflow.

Engineering
projection

external logs, hidden reservoirs, or additional

records. . .
The same process yields the same stochastic

description independent of observer capacity,
projection, measurement boundary, and
retained memory.

Context overflow in finite-window systems
never increases false dependency, semantic
drift, wrong task-state completion, or
external-memory demand under matched
tasks.

Main thesis

The main thesis is:

effective stochasticity = structured dynamics

viewed after finite projection.

(1)
This is an operational thesis, not a metaphysical thesis.
It does not say that the underlying world is determinis-
tic. It does not say that quantum randomness is merely
ignorance. It says that, for any finite observer or finite
register, lost distinctions can appear as transition proba-
bilities because the accessible state is no longer sufficient
to determine the accessible successor.

The stronger contribution of this version is the selec-
tion layer. Overflow does not merely destroy detail. It
selects coarse variables. Some variables disappear. Some
become noisy. Some remain predictive because they are
cheap to update, slow to forget, and nearly closed un-
der the projected dynamics. Those variables are called
Phase-B invariants.

Contributions

The paper makes seven contributions.

1. It defines capacity overflow as a positive deficit be-

tween task-relevant distinction demand and acces-
sible capacity.

2. It derives an induced stochastic kernel on the acces-
sible record space from deterministic dynamics on
a larger state space under non-injective projection.

3. It defines predictive susceptibility as an order-
parameter-like signature near the critical capacity
deficit.

4. Tt defines Markov closure error and uses it to ex-
plain why some coarse variables become law-like
after overflow.

5. It defines a maintenance-cost selection score for
Phase-B invariants.

6. It formalizes informational hysteresis: capacity re-
covery restores possible storage, not distinctions al-
ready discarded.

7. It provides deterministic synthetic simulations and
reproducible code.

Relation to earlier stochasticity drafts

An earlier stochasticity draft argued that truncation
generates an unmodeled environment operationally in-



distinguishable from noise, then connected that noise to
topological persistence and signal-to-noise collapse. It
also emphasized that non-topological structures can lose
local signal-to-noise ratio while boundary or topological
structures may preserve finite signal. The present T3
version narrows the claim. It does not assert that all
stochasticity is forced by truncation, that all persistent
structures require topology, or that effective Markovian-
ity follows automatically from ignorance. Instead, it for-
mulates the safer bridge: finite non-injective projection
induces observer-relative stochastic kernels, and some
coarse variables remain stable under overflow. Topologi-
cal protection is treated as one possible domain-specific
example of Phase-B invariance, not as the universal form
of persistence.

RELATED WORK

Coarse-graining, rate-distortion, and stochastic
descriptions

Shannon information theory and rate-distortion the-
ory provide the standard language for capacity, compres-
sion, and distortion [4-7]. Jaynes’ maximum entropy ap-
proach explains how probability assignments can arise
from constrained information [8]. In statistical mechanics
and nonequilibrium theory, coarse-graining and projec-
tion can generate effective irreversibility and stochastic
evolution when unresolved degrees of freedom are inte-
grated out [9-12]. FDS-T3 is continuous with this tra-
dition, but its emphasis is the finite-observer capacity
ledger: stochasticity is not only a mathematical conve-
nience; it can be the accessible image of budget crossing.

Hidden Markov structure and Markov closure

Non-injective observation of a larger process often pro-
duces hidden-state dynamics. The visible process may
fail to be Markov even if the underlying process is Markov
or deterministic, because unresolved hidden variables
carry memory. This is the standard lesson of hidden
Markov models and predictive-state approaches [13, 14].
Recent work on quantitative coarse-graining of Markov
chains provides error bounds for effective dynamics af-
ter projection, reinforcing the need to distinguish useful
Markov closure from uncontrolled hidden-memory loss
[28]. T3 therefore does not assume that projection auto-
matically produces a clean Markov process. It asks which
coarse variables minimize the residual memory required
for prediction.

Renormalization and effective variables

Renormalization describes how large-scale behavior
can be governed by variables that survive changes of scale
while microscopic details are discarded [15, 16]. FDS-
T3 uses a similar intuition in a finite-register setting.
Phase-B invariants are not necessarily renormalization
fixed points, but they play an analogous operational role:
they are variables that remain predictive after repeated
projection eliminates finer distinctions.

Information thermodynamics and memory reuse

Landauer’s principle links logically irreversible era-
sure to thermodynamic cost [17]. Bennett showed
that computation can be arranged reversibly only when
enough memory and garbage management are available
[18]. Modern information thermodynamics refines these
ideas in feedback, correlations, stochastic dynamics, and
nonequilibrium systems [12, 19, 20]. Recent reviews em-
phasize that practical erasure and computation often re-
quire accounting beyond the ideal single-bit Landauer
bound, including finite-time, finite-bath, nonequilibrium,
non-Markovian, quantum, and error-correction effects
[32]. T3 does not claim that every stochastic kernel dissi-
pates heat. The heat cost enters when finite projection is
physically implemented by overwrite, reset, many-to-one
compression, or garbage collection.

Topological, boundary, and symmetry-stabilized
examples

Topological phases illustrate how some coarse invari-
ants can remain stable under local perturbation [21-24].
Non-Hermitian systems and skin-effect models show that
boundary localization and non-reciprocal dynamics can
produce robust boundary signatures [25-27]. T3 does
not require these examples, but they motivate the term
Phase-B invariant: a coarse, distributed, or boundary-
stabilized distinction that survives after local microstate
tracking fails. In a broader language, Phase-B invari-
ants can be interpreted as coarse-grained symmetries of
the projected dynamics. This paper does not derive fun-
damental conservation laws from finite capacity; it only
supplies an operational bridge for why certain coarse vari-
ables become stable carriers of prediction.

CAPACITY, DEMAND, AND OVERFLOW

Definition 1 (Underlying state space and accessible
record space). Let X be a state space representing dis-
tinctions avatlable in a larger model, and let Zo be the



record space accessible to a finite observer with capacity
C. The observer implements a projection

o X — Zc, |Zc‘ < 20. (2)

The accessible record at update index t is Z, = wc(Xy).

Definition 2 (Task-relevant distinction demand). For
task family W, distortion tolerance €, and window T, let
RIL(ED) (3)

be the minimum number of task-relevant bits required to
meet the predictive, control, or reconstruction target.

Definition 3 (Capacity overflow). Given accessible ca-
pacity Cacc(t), the T3 overflow deficit is

Ars(t) = R (e;7,) —

min Cacc (t) . (4)
Owverflow occurs when Ars(t) > 0 over the relevant win-
dow.

Overflow is not ordinary ignorance. Ordinary igno-
rance may be resolved by measurement or computation
within the same boundary. Overflow is a boundary state-
ment: the distinctions needed for the task are not carried
by the accessible record space under the current capacity,
update rate, memory, and externalization options.

Let O be a finite
system attempting task U over window 7. IfR(T) (e; ) >

Coace, then full-fidelity task performance at distortion € is
impossible unless at least one exit occurs: increased ca-
pacity, longer time, buffering, externalization, lossy com-
pression, coarse-graining, stochastic modeling, task relax-

ation, boundary enlargement, or failure.

Theorem 1 (Overflow-exit theorem).

Proof. The demand term is the minimum number of dis-
tinctions required by the task. The capacity term is the
maximum number of distinctions accessible to the system
under the specified boundary and window. If demand ex-
ceeds capacity, a full-fidelity solution would require dis-
tinctions not represented by any admissible record state
or update sequence. The system must therefore alter de-
mand, alter capacity, store or externalize backlog, com-
press, accept stochastic residuals, relax the task, or fail.
These alternatives exhaust the ways to remove the strict
inequality under finite resources. O

The empirical content is not the inequality itself. The
empirical content is the predicted pattern near crossing:
transition entropy rises, reconstruction depth saturates,
error floors appear, formerly deterministic variables be-
come probabilistic, buffers fill, externalization increases,
and coarse variables begin to dominate prediction.

Critical deficit and predictive susceptibility

To make the Phase-A /Phase-B distinction more phys-
ical, define a predictive error observable

Ep(A) = E[d(Zi41, Ze11) | Ars = A (5)
and a transition-entropy observable
Hp(A) = H(Ziy1 | Zy, Az = A). (6)

The corresponding susceptibilities are

_ 0Ep
XP = YN

 oHp
- OArs’

(7)

The T3 prediction is not that every finite system has
a thermodynamic singularity. It is weaker and more
testable: under controlled sustained crossing, xp or
xm should exhibit a peak, kink, or rapid increase near
Atz = 0 whenever the discarded distinctions are dynam-
ically relevant. Phase-A is the tracking regime Az < 0;
Phase-B is the post-overflow coarse regime Az > 0.

PROJECTION-INDUCED EFFECTIVE
STOCHASTICITY

From deterministic dynamics to stochastic kernels

Assume first that the larger state evolves determinis-
tically:

Xyi1 = F(X,). (8)

The finite observer does not access X; directly. It ac-
cesses Z; = mo(X¢). The same accessible record z can
have a preimage

o' () ={z € X :mo(x) = 2}. (9)

If different = € 7' (2) lead to different accessible succes-
sors, then the accessible transition is stochastic relative
to z.

Definition 4 (Induced stochastic kernel). Given a prior
or conditional distribution P(xy | z¢) over hidden states
compatible with record zy, the induced accessible transi-
tion kernel is

Po(Z | 2) = Z P(z | 2) H{nc(F(x)) = 2'}. (10)

TET 1(2)

For stochastic dynamics P(x' | x), the corresponding ker-
nel is
Po(Z' | 2) P | z)P(z]2). (11)

=2 X

rET z) 2! €ng Lz



Theorem 2 (Projection-induced stochasticity). If there
erist T1,z9 € 75" (2) such that no(F(x1)) # no(F(22)),
then Po(- | 2) is non-degenerate for any conditional dis-
tribution assigning positive probability to both x1 and xs.
Thus a deterministic underlying map can induce stochas-
tic accessible dynamics.

Proof. The two hidden states share the same accessible
current record but have different accessible successors.
Since the observer conditions only on z, both hidden
states remain compatible. If both have positive condi-
tional probability, at least two successor records have
positive probability. Therefore the induced kernel is non-
degenerate. O

Non-injectivity loss and transition entropy

A useful measure of lost hidden distinction is
Lr.=H(X:|Z). (12)
A useful measure of effective stochasticity is
Sett = H(Z141 | Z4). (13)

The two are related but not identical. Projection
loss measures unresolved present distinctions. Effective
stochasticity measures how much those unresolved dis-
tinctions matter for the next accessible state. If hidden
distinctions are dynamically irrelevant, projection loss
can be high while transition entropy remains low. If hid-
den distinctions control successor states, projection loss
becomes effective stochasticity.

Ontic noise, external noise, and effective noise

FDS-T3 distinguishes three cases.

1. External noise: stochastic forcing enters the larger
state dynamics P(z' | x).

2. Projection-induced effective moise: the larger dy-
namics may be deterministic, but non-injective pro-
jection makes the accessible dynamics stochastic.

3. Modeling noise: a deliberate approximation is used
despite sufficient capacity in principle.

Only the second is the specific contribution of T3. The
paper does not collapse all noise into observer ignorance.

PHASE-A, PHASE-B, AND MARKOV CLOSURE

Definition 5 (Phase-A tracking). A system is in Phase-
A relative to task U when Atz < 0 and the acces-
sible record retains enough distinctions for full-fidelity
task performance at tolerance €. Phase-A is the track-
ing regime.

Definition 6 (Phase-B dynamics). A system is in
Phase-B relative to task ¥ when Atz > 0 persists
and prediction or control is dominated by coarse vari-
ables, stochastic kernels, external records, or invariants
rather than full microstate tracking. Phase-B is the post-
overflow coarse regime.

Effective Markovian closure

A non-injective projection generally produces hidden
memory. Therefore T3 does not assume that the accessi-
ble process is strictly Markov. Define the k-step Markov
closure error

M (Z2) =W Zvs1; Zi—ra—1 | Z4). (14)

If M}, = 0, the coarse variable Z; is approximately closed
for prediction at horizon one. If My is large, the current
coarse state still requires retained history.

Definition 7 (Phase-B invariant). Let ¢ : X — Y be a
coarse variable. ¢ is a Phase-B invariant over window T
if it satisfies three operational properties under overflow:

1. Projection stability: ¢ remains recoverable from the
accessible record or from a low-cost external record.

2. Predictive persistence: 1(¢; ¢rqr) decays slowly rel-
ative to microstate detasl.

3. Approximate closure: My (9) is small enough that
future values are predicted from the current coarse
record without needing the discarded microhistory.

Proposition 1 (Phase-B variables are approximate
Markov closures). Among variables available after sus-
tained overflow, those that appear law-like to the finite
observer are the variables that minimize residual memory
burden while retaining predictive information. In sym-
bols, Phase-B variables tend to have low My (¢) and high
I(¢¢; diar) per update cost.

Argument. A variable with high predictive information
but high closure error requires hidden history; under
overflow that hidden history is not available. A variable
with low closure error but no retained predictive informa-
tion is cheap but useless. Variables that remain usable
after overflow must therefore balance predictive utility
with low memory burden. This is an operational selec-
tion principle, not a claim of exact optimality in every
physical system. O

This explains why macroscopic descriptions can be
simple despite microscopic detail loss. The simplicity is
not proof that microscopic distinctions were absent. It
can be the result of a selection effect: only those coarse
variables that close approximately under projection re-
main usable.



SELECTION PRESSURE FOR PHASE-B
INVARIANTS

Maintenance-cost functional

Let ®¢ be the class of candidate coarse variables avail-
able under capacity C. For ¢ € ®¢, define a survival
score

(s Prir)
Cupd(¢) + Cmaint((b) + )\Mk(¢) + =00] .

Here Cypq is update cost, Cimaint is maintenance or exter-
nalization cost, My is Markov closure error, A\ weights
memory burden, and ¢y > 0 avoids singularities. Phase-
B invariant candidates are those with high S.

A phenomenological survival probability can be writ-
ten as

S(¢) = (15)

Cupd(¢) + Cmaint (¢) + )\Mk(¢)
L(¢t; de+r) + €0

Psurvivc(¢) X exp 7ﬂ

(16)
This is a selection heuristic, not a universal law. It cap-
tures the central idea: Phase-B invariants are forced sur-
vivors. They are not necessarily the most detailed vari-
ables. They are the variables that remain cheap, predic-
tive, and slow to forget when detail is unaffordable.

Invariants as coarse-grained symmetries

Finite projection defines equivalence classes
if 7o(x) =mc(2)). (17)

A coarse variable ¢ that is constant on these equivalence
classes and stable under projected dynamics behaves as
a coarse-grained symmetry:

P(z) = ¢($/)7 bry1 = Oy (18)

This does not derive fundamental symmetries or conser-
vation laws. It states a weaker operational fact: under
finite projection, law-like structure is carried by variables
that remain invariant across distinctions the observer can
no longer afford to retain.

x~e !

!
€T ~c T,

HYSTERESIS AND CAPACITY-RELATIVE
RANDOMNESS

Informational hysteresis

Capacity recovery restores possible storage, not dis-
tinctions that were already discarded. Let Qpefore denote
the set of histories distinguishable before overflow. Dur-
ing overflow, projection maps

Qbefore — Qafter - 71—C'(Qbefore)' (19)

When capacity later recovers, the system may expand the
record space, but without external logs it expands from
Qatter, not from the original preimage. The irrecoverable
loss can be written

Hirr = H(Xpast | Zt> Crecovered; Lext)» (20)

where Leyt denotes external logs or reservoirs. If Ley
does not contain the discarded distinctions, then Hi,, > 0
even after C increases.

Proposition 2 (Informational hysteresis). If overflow
induces a many-to-one projection and the discarded
preimage distinctions are not preserved in an external or
reversible record, then subsequent capacity recovery can-
not reconstruct those distinctions from the current acces-
sible record alone.

This is logical irreversibility before it is thermody-
namic irreversibility. Thermodynamic cost enters when
the projection is physically implemented by irreversible
overwrite, reset, compression, or garbage collection.

Observer hierarchy and relative stochasticity

Consider two observers O, and O, with capacities
C, < Cp and projections

Ty X — 2, o X — Zp. (21)

If 7, retains distinctions discarded by 7, then typically
H(Z} | Z7) 2 H(ZY4 | Z7), (22)

for the same underlying process and comparable priors.
The inequality need not hold in every artificial projec-
tion, but it gives the expected direction when additional
capacity preserves dynamically relevant distinctions.

Randomness is therefore capacity-relative, not merely
subjective. A phenomenon that is stochastic for a low-
capacity observer can become more deterministic for a
higher-capacity observer. This does not imply that all
stochasticity is removable. Some noise sources may re-
main capacity-independent, and quantum randomness is
outside the scope of this paper.

NUMERICAL MODELS AND SIMULATIONS

The simulations are deterministic synthetic demon-
strations. They are not fits to physical detector data,
biological data, quantum experiments, Al benchmarks,
or human behavior. All figures and CSV outputs are
generated by code/generate_results.py.



Projection-induced stochasticity falls as hidden distinctions are retained

Phase-B invariants minimize update cost and Markov closure error
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FIG. 1. Projection-induced stochasticity falls as hidden dis-
tinctions are retained. A deterministic hidden-state update
appears stochastic to a low-capacity observer because unre-
solved hidden states inside the same visible record have dif-
ferent successors.

FIG. 3. Phase-B invariants minimize update cost and Markov
closure error. The surviving variable is not the most detailed
variable; it is the variable with the best ratio of predictive
persistence to update and memory burden.

Capacity recovery restores storage, not discarded distinctions

Critical capacity deficit produces a susceptibility peak
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FIG. 4. Capacity recovery restores storage, not discarded dis-
tinctions. Overflow prunes the preimage. Without external
logs, capacity recovery cannot reconstruct the distinctions al-
ready discarded.

FIG. 2. Critical capacity deficit produces a susceptibility
peak. When distinction demand crosses accessible capacity,
effective stochasticity rises and the predictive susceptibility
shows a sharp response.

Projection-induced stochasticity Markov closure and invariant selection

The first simulation uses a deterministic hidden-state The third simulation compares candidate variables un-
map. Observers retain different numbers of hidden bits. ~ der repeated projection. Microstate detail has high in-
With few retained bits, the induced accessible transition ~ formation but high update cost and high closure burden.
has high entropy. As hidden distinctions are retained, The Phase-B invariant has lower detail but better sur-
stochasticity falls. vival score because it is cheaper and more Markov-closed.

Critical deficit and susceptibility Informational hysteresis
The second simulation raises task demand through ac- The fourth simulation imposes a temporary overload

cessible capacity. Transition entropy and error rise near and then restores capacity. Without external logs, lost
crossing; predictive susceptibility peaks near the critical distinctions remain lost. External logging reduces hys-
deficit. teresis but costs storage and later cleanup.



Randomness can shrink as observer capacity increases
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FIG. 5. Randomness can shrink as observer capacity in-

creases. The same underlying process appears more stochastic
to lower-capacity observers and more structured to higher-
capacity observers.

Phase-A to Phase-B transition under capacity overflow
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FIG. 6. Phase-A to Phase-B transition under capacity over-
flow. As demand crosses accessible capacity, microstate track-
ing fails, effective stochasticity rises, and prediction shifts to-
ward Phase-B invariants.

Observer hierarchy

The fifth simulation varies retained hidden distinc-
tions. Apparent stochasticity decreases as observer ca-
pacity increases, illustrating that stochastic descriptions
can be capacity-relative.

Phase-A to Phase-B transition

The sixth simulation varies a control parameter that
raises demand and lowers effective capacity. Once deficit
becomes positive, the Phase-B index rises. Microstate er-
ror increases sharply while invariant error remains com-
paratively small.

Context overflow can create semantic drift and wrong invariant completion
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FIG. 7. Context overflow can create semantic drift and wrong
invariant completion. In a finite-window system, overflow
does not merely remove information; it can force the system
to maintain coherence by selecting an incorrect coarse invari-
ant. External retrieval increases effective capacity and pushes
the system back toward Phase-A.

Semantic drift and wrong invariant completion

The seventh simulation treats a finite-context Al-like
system as a domain projection. When task history ex-
ceeds context capacity, multiple histories collapse into
the same accessible context. The system may complete
the missing preimage with a wrong invariant, producing
semantic drift or false dependency. External retrieval re-
duces but does not eliminate the loss.

DOMAIN-SPECIFIC PROJECTIONS

Measurement systems

01 is the measurement-specific projection of T3. A de-
tector with insufficient sensor, channel, memory, buffer,
or update capacity cannot stabilize all task-relevant dis-
tinctions. The missing distinctions appear as state merg-
ing, false positives, false negatives, noise floors, delayed
records, or externalized logs. T3 supplies the abstract
stochastic-kernel language for those O1 exits.

Temporal registers

02 is the time-specific projection of T3. When tem-
poral demand exceeds temporal capacity, finite records
lose order information. Non-injective temporal update
produces compatible past histories and register-time col-
lapse. T3 generalizes this as projection-induced effective
stochasticity under overflow.



Biology and active pruning

A biological system cannot track every environmental
detail. It must prune, coarse-grain, ignore, or externalize.
Phase-B invariants in living systems may include bound-
ary states, homeostatic variables, gradients, cycles, or
control-relevant features that survive after microdetails
are discarded. T3 does not complete a biological theory,
but it explains why active pruning and invariant selection
are not optional for finite organisms.

Al context overflow, RAG, and semantic drift

Finite-context Al systems provide an engineering anal-
ogy. When task history exceeds context capacity, the
system must summarize, retrieve, compress, or discard.
Empirical long-context studies show that language mod-
els do not always use nominally available context uni-
formly; performance can degrade when relevant informa-
tion appears away from the beginning or end of the in-
put [29]. Benchmark work such as RULER further shows
that nominal context length can substantially exceed ef-
fective usable context under increased task complexity
[30]. NoLiMa suggests that long-context performance
can degrade sharply when retrieval requires latent associ-
ation rather than literal matching, consistent with the T3
view that accessible context is not identical to effective
task-relevant capacity [31]. The same underlying task
can then appear more stochastic to the agent: next-step
predictions become sensitive to inaccessible prior distinc-
tions. Semantic drift occurs when the system maintains
a locally coherent but wrong invariant across a collapsed
preimage of possible histories. Hallucination is not only
random guessing in this projection; it can be wrong in-
variant completion under context overflow. Retrieval-
augmented generation and external memory can be inter-
preted as capacity externalization: they increase effective
Ciacc and can move the system back toward Phase-A. This
is an engineering projection, not a claim that language
models possess subjective experience or physical agency.

Topological and boundary cases

In some physical systems, topological or boundary-
stabilized variables may act as Phase-B invariants. This
paper does not prove that topology is necessary for per-
sistence. It states a weaker bridge: when local microstate
tracking fails, variables that remain recoverable under
projection and stable under dynamics become the usable
carriers of persistence. Topological invariants are one im-
portant family of such variables.

EXPERIMENTAL PROTOCOLS

Protocol 1 (Projection-induced stochasticity test).
Choose a deterministic or high-fidelity simulated system
with known state X;. Define a family of projections m¢
with decreasing capacity. Estimate the induced kernel
Po(2' | z). T8 predicts that transition entropy should
increase when discarded distinctions affect accessible suc-
Cessors.

Protocol 2 (Critical deficit test). Independently esti-
mate task demand Ryin and accessible capacity Cace. In-
crease demand or reduce capacity until Ars crosses zero.
Measure predictive error, transition entropy, and their
finite-difference susceptibilities. T3 predicts a rapid re-
sponse, kink, or susceptibility peak mear crossing when
discarded distinctions are dynamically relevant.

Protocol 3 (Markov closure test). Track candidate
coarse wvariables under repeated projection.  FEstimate
Mp(d) = Wri1; dt—ki—1 | ¢¢) and predictive informa-
tion. T3 predicts that Phase-B invariants should have
lower closure error and better survival score than ordi-
nary microstate detail under overflow.

Protocol 4 (Hysteresis test). Apply a temporary over-
load and then restore capacity. Compare systems with
and without external logs. T8 predicts that capacity re-
covery will not fully restore discarded distinctions unless
those distinctions were externalized or reversibly logged.

Protocol 5 (Observer hierarchy test). Give observers or
algorithms different hidden-state access to the same pro-
cess. T3 predicts that accessible transition entropy should
shrink as dynamically relevant distinctions are retained,
while capacity-independent noise components remain.

LIMITATIONS AND FALSIFICATION

First, T3 is an operational finite-capacity model, not
a complete theory of randommness. It does not settle
whether quantum randomness is ontic, epistemic, rela-
tional, or otherwise. Second, it does not prove that
all environments are Markovian. Effective Markovianity
requires additional assumptions about timescale separa-
tion, memory, and update capacity. Third, it does not
claim that topology is required for every form of per-
sistence. Phase-B invariance is broader than topology.
Fourth, Landauer-style heat accounting applies only to
physical implementations of logically irreversible over-
write, reset, compression, or garbage collection under the
relevant thermodynamic assumptions. Fifth, the simula-
tions are synthetic demonstrations, not empirical valida-
tions.

The strong version of FDS-T3 would be weakened or
rejected by any of the following:



1. controlled capacity crossing with no change in tran-
sition entropy, reconstruction depth, error floor,
state merging, externalization, buffering, suscepti-
bility, or failure;

2. non-injective projections of deterministic dynamics
that never induce non-degenerate accessible transi-
tion kernels when hidden successors differ;

3. finite systems that recover erased distinctions per-
fectly after capacity recovery without external logs,
hidden reservoirs, or additional records;

4. repeated projection under which all variables lose
predictive information at the same rate, with no
invariant-like coarse variables surviving longer than
local details;

5. candidate Phase-B variables having no advantage
in Markov closure error, update cost, or predictive
persistence over discarded details under matched
capacity;

6. apparent stochasticity remaining unchanged when
observer capacity is increased to include indepen-
dently verified dynamically relevant hidden distinc-
tions;

7. physically implemented irreversible record reuse
below generalized Landauer accounting after reser-
voirs, correlations, feedback, and work sources are
included.

CONCLUSION

A finite system does not experience overflow as a philo-
sophical abstraction. It experiences overflow as loss of
distinctions. Once those distinctions are absent from the
accessible record, the same visible state can be compati-
ble with multiple hidden states and multiple successors.
To the finite system, dynamics becomes stochastic.

FDS-T3 therefore supplies the Structural Trident’s
third anchor. T1 states the finite-observer budget. O1
shows how measurement fails or exits under finite capac-
ity. O2 shows how temporal order collapses under finite
record update. T3 abstracts the shared mechanism: ca-
pacity overflow converts inaccessible distinctions into ef-
fective stochasticity, and repeated projection selects the
invariants that remain useful after microstate tracking
fails.

The most compact statement is this: effective stochas-
ticity is the shadow cast by finite projection; stable law-
like structure is the residue of distinctions that remain
cheap, predictive, and slow to forget under overflow.
Randomness is not simply the absence of law. It can be
the appearance of law after the observer loses the distinc-
tions that made the law deterministic. Conversely, law-
like structure is not necessarily full information. It can
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be the survivor of a harsh selection process: a Phase-B
invariant that remains approximately closed when most
distinctions have become unaffordable.

Notation Summary

Simulation Parameters

The simulations are deterministic and use fixed syn-
thetic parameters in code/generate_results.py. Fig-
ure 1 uses eight visible records and sixty-four hidden
residues per visible record. Figure 2 sweeps environ-
mental complexity and computes predictive susceptibil-
ity from the finite-difference response of error to deficit.
Figure 3 compares four candidate variables with differ-
ent update costs, closure errors, and information decay
constants. Figure 4 uses a temporary overload pulse and
compares no-log versus external-log recovery. Figure 5
varies retained hidden bits. Figure 6 sweeps a control
parameter across the Phase-A/Phase-B boundary. Fig-
ure 7 uses a finite context-window proxy with optional
external retrieval. No proprietary data, detector data,
biological data, quantum data, AI benchmark data, or
human-subject data are used.

Reproducibility Checklist

1. Code availability: all simulation code is included in
the replication package.

2. Deterministic execution: the random seeds are
fixed or randomness is absent.

3. Figure reproduction:
code/generate_results.py
figures and CSV outputs.

running python
regenerates all

4. Data status: all numerical outputs are synthetic
demonstrations generated from the stated model.

5. Platform independence: the code uses standard

Python scientific libraries.

Boundary of Applicability

FDS-T3 applies to finite systems that represent only
a projection of a larger state space and whose discarded
distinctions are dynamically relevant to prediction, con-
trol, or persistence. It does not apply to ideal mathemat-
ical observers with unbounded state access, nor does it
settle irreducible stochasticity in fundamental physics. It
is compatible with standard stochastic modeling, quan-
tum theory, statistical mechanics, and thermodynamics
when those theories are interpreted on their own state
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TABLE II. FDS-T3 notation summary.

Symbol Meaning

X larger state space containing distinctions not all accessible to the observer
Zc accessible record space under capacity C

TC finite projection from X to Z¢

Xt larger state at time or update index ¢

Zs accessible record mc (X¢)

Clace accessible distinguishability capacity

Rgi)n (¢; V) minimal task-relevant distinction demand

A3 T3 overflow deficit Rmin — Cacc

Po(2' | z)  induced accessible stochastic kernel

L projection loss H(X; | Z)

Seft effective stochasticity H(Ziy1 | Z¢)

XPsXH predictive and entropy susceptibilities near capacity crossing
M Markov closure error I(Ziy1; Zi—kie—1 | Zt)

S(¢) survival score of candidate Phase-B invariant ¢

Phase-A full tracking regime before sustained overflow

Phase-B post-overflow coarse dynamics regime

Hirr irrecoverable past distinction loss after capacity recovery

spaces. T3 adds a diagnostic layer: when accessible ca-
pacity changes, the amount and character of effective
stochasticity should change if the added distinctions are
dynamically relevant.

CODE AVAILABILITY

The simulation code used to generate Figs. 1-7 is in-
cluded in the accompanying replication package under
code/generate_results.py. Running the script regen-
erates all figures (PDF and PNG) and CSV tables in a
single pass.

AI ASSISTANCE DISCLOSURE

Al-assisted tools were used for language polishing,
structural feedback, LaTeX drafting support, and code-
debugging assistance. The author reviewed and edited
all content and remains responsible for all claims, ref-
erences, simulations, and conclusions. No Al system is
listed as an author.
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