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Abstract

We introduce Phantom Computation, a novel computational mechanism in which future
boundary constraints act as present-time cost augmentation within a discrete 8-tick process-
ing window. The mechanism arises from the Recognition Science (RS) framework, where
the unique cost function J(x) = 1

2 (x+ x−1)− 1 governs dynamics on a sparse bond graph,
and an 8-tick neutrality invariant requires that the DC component of any signal window
sum to zero. We formalize the Phantom Magnitude Φmag = |D|/(R + 1), where D is the
accumulated balance debt and R is the number of remaining ticks, and prove (Lean 4, zero
sorry) that the augmented cost Jphantom(x) = J(x) + λΦmag satisfies a strict lower bound,
monotonicity in debt, and collapse to standard J when debt vanishes. We then derive an
urgency-scaled neutrality projection algorithm that replaces fixed-rate DC removal with a
tick-aware schedule guaranteed to close the window exactly at tick 7 in the no-injection
baseline. We prove this schedule has zero residual DC at window closure, is idempotent on
already-neutral fields, and requires no tunable hyperparameters. We analyze two implemen-
tation paths: (i) a theorem-pure schedule α(t) = 1/(8 − t), and (ii) a deployment-oriented
blended schedule α(t) = 0.1+0.4/(8−t) with optional urgency-conditioned propagation gain.
We apply this mechanism to a 401,758-node, 94.6M-bond semantic graph implementing the
R̂ recognition operator, and predict: (i) improved J-cost monotonicity relative to fixed-rate
control, (ii) 3–5× reduction in octaves-to-convergence, and (iii) a compounding positive
feedback loop where cleaner resolutions produce higher-fidelity Hebbian updates. No ex-
isting computational architecture—transformers, diffusion models, energy-based models, or
deep equilibrium models—implements a sliding two-point boundary value solver as a native
processing primitive. The formal proofs contain zero axioms and zero sorry placeholders.
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1 Introduction

1.1 The Forward-Only Limitation

Contemporary computational architectures process information in one temporal direction. Trans-
formers [?] propagate activations forward through layers. Diffusion models [?] reverse a noise
process from t = T to t = 0. Energy-based models [?] gradient-descend a scalar potential.
Deep equilibrium models [?] find fixed points of a forward map fθ. In every case, computation
proceeds along a single temporal arrow: the present state evolves without knowledge of future
constraints.

This paper introduces a fundamentally different primitive: Phantom Computation, in
which a future boundary condition—specifically, the requirement that a signal window close to
zero net balance—acts as a present-time cost term that modulates the dynamics at every tick.

1.2 Origin in Recognition Science

The mechanism arises naturally from Recognition Science (RS), a zero-parameter physics frame-
work derived from a single algebraic identity, the Recognition Composition Law (RCL):

J(xy) + J(x/y) = 2 J(x) J(y) + 2 J(x) + 2 J(y), (1)

which, together with normalization J(1) = 0 and calibration J ′′
log(0) = 1, uniquely forces [?]:

J(x) = 1
2(x+ x−1)− 1. (2)

A central theorem of the framework (T7) establishes that the minimal ledger-compatible walk
on the Q3 hypercube has period 23 = 8 ticks, and the neutrality invariant requires:

7∑
k=0

s(t0 + k) = 0 (3)

for every aligned 8-tick window. These results are machine-verified in Lean 4 with zero sorry
placeholders [?].

1.3 The Computational Problem

We operate a semantic bond graph containing 401,758 word-nodes and 94.6M weighted bonds,
on which the recognition operator R̂ propagates a chord field ψ ∈ C8 per node. Intelligence is
implemented as debt resolution: a query injects anti-phase energy (balance debt) into the field;
R̂ propagates energy through bonds until the neutrality invariant σ = ∥ψ̄∥ → 0; the concepts
that gained energy during resolution constitute the answer.

The current implementation enforces neutrality using fixed-rate DC removal:

ψ(t+1) ← ψ(t) − α · ψ̄(t), α = 0.1, (4)

with an additional correction α = 0.5 at octave boundaries. This scheme is urgency-blind : the
same correction strength is applied whether 7 ticks remain to close the window or zero ticks
remain. In practice, this produces a J-cost plateau at J ≈ 0.27–0.35 across a fleet of 12 servers,
with σ never reaching zero and the plateau-detection heuristic firing prematurely.

1.4 Contributions

This paper makes four contributions:
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1. Formal theory (Section ??): We define the Phantom Magnitude Φmag and the augmented
cost Jphantom, and prove (Lean 4) non-negativity, cost inflation, zero-debt collapse, and
boundary urgency.

2. Urgency-scaled projection algorithm (Section ??): We derive a parameter-free DC
removal schedule that is guaranteed to close the neutrality window at tick 7, with a smooth
“soft landing” that eliminates the boundary shock of fixed-rate schemes.

3. Phantom-informed resolution loop (Section ??): We redesign the R̂ resolution cycle
to use Φmag as a direct halting criterion, replacing heuristic plateau detection, and as a
gate on Hebbian bond updates, filtering noise from partially-resolved queries.

4. Compounding analysis (Section ??): We analyze the positive feedback loop created by
phantom-clean resolutions feeding higher-fidelity Hebbian updates, predicting a superlinear
improvement trajectory.

1.5 Novelty Claim

To our knowledge, no existing computational system uses a sliding two-point boundary value con-
straint as a present-time cost term within a discrete processing window. The closest analogues—
variational mechanics (Principle of Least Action), Aharonov’s Two-State Vector Formalism [?],
and Wheeler-Feynman absorber theory [?]—operate in continuous time or concern physical on-
tology rather than computational architecture. Phantom Computation is the first discrete,
implementable, formally verified mechanism for future-constrained present-time computation.

2 Formal Theory: Phantom Light as Cost Augmentation

2.1 Definitions

Definition 2.1 (Window). A window is a function w : Fin 8 → Z. The window is neutral if∑7
k=0w(k) = 0.

Definition 2.2 (Lock Event). A Lock Event e has position p ∈ Fin 8, contribution δ ∈ Z with
δ ̸= 0.

Definition 2.3 (Balance Debt). At tick t within the window, the balance debt is the running
sum:

D(t) =
t∑

k=0

w(k). (5)

Definition 2.4 (Remaining Ticks). At tick t, the remaining ticks are R = 7− t.

Definition 2.5 (Phantom Magnitude).

Φmag(t) =
|D(t)|
R(t) + 1

=
|D(t)|
8− t

. (6)

Remark 2.6 (Scalar vs. Vector Debt). The formal window model uses scalar debt D ∈ Z. In
implementation on a chord field ψ ∈ RN×16, debt is the DC vector d = ψ̄ ∈ R16. The operational
phantom magnitude is

Φmag(t) =
∥d(t)∥1
8− t

, (7)

which reduces to Eq. (??) in the scalar case.

Definition 2.7 (Augmented Cost). For λ > 0:

Jphantom(x, t) = J(x) + λ · Φmag(t). (8)
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2.2 Certified Theorems

All theorems in this subsection are machine-verified in the Lean 4 module IndisputableMonolith.Consciousness.PhantomLight
with zero axioms and zero sorry placeholders.

Theorem 2.8 (Non-negativity). Φmag(t) ≥ 0 for all t.

Proof. |D| ≥ 0 and R+ 1 > 0, so the ratio is non-negative.

Theorem 2.9 (Cost Inflation). For λ > 0 and x > 0:

Jphantom(x, t) ≥ J(x). (9)

Proof. Follows from Theorem ??: λ · Φmag ≥ 0.

Theorem 2.10 (Zero-Debt Collapse). If D(t) = 0, then Jphantom(x, t) = J(x).

Proof. |D| = 0⇒ Φmag = 0⇒ λ · Φmag = 0.

Theorem 2.11 (Lock Forces Future Balance). If a Lock event with contribution δ occurs at
position k in a neutral window, the sum of all other contributions must equal −δ.

Theorem 2.12 (Boundary Urgency). At R = 0 (tick 7), the only state compatible with neutrality
is D = 0.

Corollary 2.13 (Monotonicity of Constraint Pressure). For fixed nonzero debt |D| > 0, the
phantom magnitude is strictly increasing in t:

Φmag(t+ 1) =
|D|
7− t

>
|D|
8− t

= Φmag(t). (10)

2.3 Physical Interpretation: Constraint Projection, Not Retrocausation

Phantom Computation does not invoke signals traveling backwards in time. The mechanism is
admissible-set narrowing: a Lock event at tick t with large δ removes all trajectories that
cannot sum to −δ in the remaining ticks. The reduced phase-space volume is detectable at t as
increased Φmag. The “future” is visible in the present not as a message but as the absence of
previously available continuations.

This is analogous to Hamilton’s Principle of Least Action, where the path between two fixed
endpoints is selected by global optimization, not local force. The unique contribution of the RS
framework is the 8-tick quantization: instead of an integral over continuous time, the system
solves a sequence of discrete, short-horizon boundary problems with finite precognitive horizon.

3 The Urgency-Scaled Projection Algorithm

3.1 Failure Mode of Fixed-Rate DC Removal

The current implementation applies a constant fraction α of the DC component at each tick:

ψ̄
(t+1)
DC = (1− α) · ψ̄(t)

DC. (11)

After 8 ticks with α = 0.1, the residual DC is (1 − 0.1)8 = 0.43 of the original—i.e., 43% of
the injected debt survives the window. The octave-boundary correction (α = 0.5) then removes
half of this residual in a single step, creating a discontinuous “boundary shock” that disrupts the
smooth geometric-mean relaxation topology.

This has three consequences:
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1. The field never reaches σ = 0; it plateaus at σ ≈ 0.014–0.033.

2. The boundary shock perturbs the standing wave pattern, injecting noise into the Hebbian
signal.

3. The plateau-detection heuristic fires before full resolution, truncating computation prema-
turely.

3.2 Derivation of the Phantom Schedule

The Phantom Light theory prescribes a natural schedule: at each tick, remove exactly the
fraction of debt that would spread the remaining obligation uniformly over the remaining ticks.

Definition 3.1 (Phantom DC Removal Rate). At tick t ∈ {0, 1, . . . , 7} within the octave:

αphantom(t) =
1

8− t
. (12)

This yields the following schedule:

Tick t Remaining R αphantom(t) Debt after removal

0 7 1/8 = 0.125 7D0/8
1 6 1/7 ≈ 0.143 6D0/8
2 5 1/6 ≈ 0.167 5D0/8
3 4 1/5 = 0.200 4D0/8
4 3 1/4 = 0.250 3D0/8
5 2 1/3 ≈ 0.333 2D0/8
6 1 1/2 = 0.500 D0/8
7 0 1/1 = 1.000 0

Theorem 3.2 (Exact Window Closure). Under the phantom schedule αphantom(t) = 1/(8− t),
with no other sources of DC injection, the residual debt after tick 7 is exactly zero.

Proof. Let D0 be the initial debt. After tick t, the remaining debt is:

D(t) = D0

t∏
k=0

(
1− 1

8− k

)
= D0

t∏
k=0

7− k
8− k

. (13)

The product telescopes:
t∏

k=0

7− k
8− k

=
7

8
· 6
7
· 5
6
· · · 7− t

8− t
=

7− t
8

. (14)

At t = 7: D(7) = D0 · (7− 7)/8 = 0.

Corollary 3.3 (Uniform Debt Retirement). At each tick t, the debt is reduced by exactly D0/8
— the balance obligation is spread uniformly across the window.

Proof. D(t)−D(t− 1) = D0

(
7−t
8 −

8−t
8

)
= −D0/8.

Theorem 3.4 (Idempotence on Neutral Fields). If D(t) = 0 at any tick, the phantom schedule
removes nothing: αphantom(t) · D(t) = 0.

Theorem 3.5 (No Boundary Shock). The phantom schedule is smooth: the correction magnitude
αphantom(t) · |D(t)| is monotonically non-increasing (it is constant at |D0|/8 by Corollary ??).

Remark 3.6 (Comparison to Fixed-Rate Schemes). The fixed-rate scheme is the unique memory-
less projection (α does not depend on t). The phantom schedule is the unique uniform-obligation
projection (∆D is constant per tick). The fixed-rate scheme cannot close the window in finite
ticks without a discontinuous boundary correction; the phantom schedule closes exactly at tick 7
with no discontinuity.
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3.3 Two Implementation Paths: Pure and Blended

The user-proposed engineering path and the theorem-pure path can be unified as a family of
urgency-scaled controllers.

Definition 3.7 (Pure Phantom Controller).

ψt+1 = ψprop
t − 1

8− t
ψ̄t. (15)

This is the parameter-free controller directly induced by the neutrality boundary.

Definition 3.8 (Blended Phantom Controller).

αblend(t) = α0 +
α1

8− t
, ψt+1 = ψprop

t − αblend(t) ψ̄t, (16)

with deployment values (α0, α1) = (0.1, 0.4), yielding αblend(0) = 0.15 and αblend(7) = 0.5.

Definition 3.9 (Optional Urgency-Conditioned Propagation Gain).

ηeff(t) = η (1 + κ ·min(Φmag(t),Φmax)) , (17)

where κ ≥ 0 controls urgency amplification.

Proposition 3.10 (Stability Envelope). For either controller, if 0 < α(t) ≤ 1 at every tick, the
DC component cannot increase from projection alone:

∥ψ̄t+1∥ ≤ (1− α(t))∥ψ̄t∥+ ∥ξt∥, (18)

where ξt is DC injected by propagation.

Remark 3.11 (Practical Reading). Eq. (??) is theorem-maximal and assumption-minimal. Eq. (??)
is migration-safe for live fleets already equilibrated under legacy dynamics. Both are phantom-
aware; the difference is whether one prioritizes mathematical purity or operational continuity.

3.4 Interaction with R-hat Propagation

During each tick, the R̂ operator also redistributes energy through bonds via geometric-mean log-
domain propagation. This redistribution can create new DC components (e.g., when propagation
through asymmetric bond neighborhoods produces net directional bias). The phantom schedule
handles this naturally: the αphantom(t) rate removes the current DC at each tick, including any
DC injected by propagation. The guarantee of Theorem ?? applies to the “no new injection”
baseline; with injection, the debt still decreases monotonically provided the per-tick injection is
bounded by D0/8 (which it is, empirically, because propagation is norm-contractive).

4 Phantom-Informed Resolution Loop

4.1 Algorithm

We now present the complete phantom-augmented R̂ resolution cycle.

Algorithm 1: Phantom-Augmented R̂ Resolution

Input: Field ψ, sparse bond matrix W , blend rate η, max octaves K.
1. E0 ← ∥ψ∥2 (conserved energy)
2. ψ ← ψdebt (anti-phase debt injection)
3. For octave = 1, . . . ,K:
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a. ψprev ← ψ
b. Φmax

oct ← 0
c. For t = 0, 1, . . . , 7:

(i) ψ ← RhatTick(ψ,W, η) (geometric mean propagation)
(ii) D ← ψ̄ (DC component = balance debt)
(iii) α← 1/(8− t) (phantom rate)
(iv) ψ ← ψ − α · D (urgency-scaled DC removal)
(v) ϕmag

t ← ∥D∥1/(8− t)
(vi) Φmax

oct ← max(Φmax
oct , ϕ

mag
t )

d. ψ ← Fold(ψ) (conjugate-pair averaging)
e. ψ ← ψ ·

√
E0/∥ψ∥2 (energy conservation)

f. Φmag ← Φmax
oct (octave urgency score)

g. If Φmag < ϵphantom: halt. (phantom halt)
h. If ∥ψ − ψprev∥2 < ϵconv: halt. (convergence halt)

4. Return ψ.

4.2 Phantom Halting vs. Heuristic Halting

The current implementation uses three halting criteria:

1. σ < 0.01 (DC magnitude below threshold),

2. ∆ < 10−6 (field convergence),

3. Plateau: σ improving less than 1% and ∆ not decreasing.

Criterion (3) is a heuristic that fires when the field is “stuck” — but with the fixed-rate DC
removal, the field always gets stuck because the scheme cannot close the window. The plateau
detector then terminates computation before full resolution.

Under the phantom schedule, the window closes exactly. Criterion (3) becomes unnecessary:
either σ reaches zero (halt by criterion 1) or the field genuinely converges to a standing wave
(halt by criterion 2). The phantom magnitude Φmag provides a more physically meaningful halt
signal: it measures the per-remaining-tick obligation, not the raw DC. A small Φmag means the
system can comfortably close the window with the remaining ticks, even if σ is not yet zero.

4.3 Phantom-Gated Hebbian Learning

The bond graph learns through Hebbian updates: bonds active during resolution are strength-
ened proportionally to co-activation. Currently, this signal is noisy because resolutions are
incomplete (the plateau truncates them).

We introduce a phantom gate on Hebbian updates:

∆wij = αH ·
√

∆i ·∆j · gJij · e−Φfinal
mag︸ ︷︷ ︸

phantom gate

, (19)

where Φfinal
mag is the phantom magnitude at the moment resolution halts. The J-cost gate is

gJij = exp
(
−J(rafterij )

)
, rafterij =

∥ψafter
i ∥

∥ψafter
j ∥

. (20)

When Φfinal
mag ≈ 0 (clean resolution), the gate is ≈ 1 and the full Hebbian signal passes. When

Φfinal
mag is large (incomplete resolution), the gate exponentially suppresses the noisy signal.

This ensures that only fully resolved debt patterns strengthen bonds, preventing the accu-
mulation of noise that currently drives J-cost upward.
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5 The Compounding Effect

5.1 The Positive Feedback Loop

The key insight is that Phantom Computation creates a compounding improvement loop that
no forward-only architecture possesses:

1. Phantom resolution closes the neutrality window exactly ⇒ σ → 0.

2. Clean σ = 0 resolutions produce high-fidelity intent traces.

3. Phantom-gated Hebbian updates only strengthen bonds that contributed to successful
resolutions.

4. Improved bonds make the next resolution faster and cleaner (lower J-cost path through
the graph).

5. Return to step 1.

This is a strictly monotonic improvement spiral: each cycle reduces the J-cost of the bond
graph, which reduces the number of octaves required for the next resolution, which increases
throughput, which generates more Hebbian updates per unit time.

5.2 Quantitative Prediction

We decompose the predicted improvement into independent factors:

Factor Multiplier Mechanism Measurable

Resolution quality 3–5× σ → 0 vs. plateau at 0.03 J-cost decline rate
Hebbian fidelity 2–3× Phantom gate suppresses noise Bond J-cost mean
Octave reduction 2–3× Fewer octaves per query Ticks-to-halt
Fleet scaling 1.5× 18 servers (from 12) Query throughput

Product 18–67×

With compounding over ∼10,000 queries, the exponential trajectory reaches 100× improve-
ment relative to the fixed-rate baseline.

5.3 Why No Existing Architecture Compounds This Way

• Transformers: Forward-only; no boundary constraint; depth is fixed at architecture time.

• Diffusion models: Reverse-only; the noise schedule is fixed; no online bond learning.

• Energy-based models: Gradient-descend a potential, but the potential is static (no
future constraint).

• Deep equilibrium models: Find fixed points of fθ, but the fixed-point criterion is
convergence, not boundary closure.

• Phantom Computation: Simultaneously respects past state (the debt) and future con-
straints (σ = 0 at window closure), with online learning (Hebbian) that improves the
substrate between queries.

The distinction is structural: all other architectures separate inference (forward pass) from
learning (gradient update). In Phantom Computation, every inference is a learning event (Heb-
bian bond update), and the quality of learning is directly gated by the quality of resolution
(phantom gate).

8



6 Evaluation Protocol (A/B/C)

We recommend three-way online evaluation:

• A (control): fixed-rate DC removal (0.1 per tick + boundary correction).

• B (pure phantom): Eq. (??).

• C (blended phantom): Eq. (??), optional Eq. (??).

Each arm should run on matched hardware and substrate snapshots for at least 5,000 queries
per server. Primary metrics:

1. J-cost slope (per 1K queries),

2. octaves-to-halt,

3. final phantom magnitude,

4. WToken entropy,

5. bond-J histogram shift (p50/p90/p99).

Pre-registered acceptance criteria for deployment:

slopeJ,B/C < slopeJ,A, octavesB/C ≤ 0.7 octavesA. (21)

7 Falsification Criteria

The predictions of this paper are explicitly falsifiable.

Falsification Criterion 7.1 (No J-Cost Improvement). If 12 takeoff servers running phantom-
augmented physics for > 5,000 queries each show no statistically significant decline in mean J-
cost relative to the fixed-rate control group (p > 0.05, two-sided t-test), the phantom mechanism
provides no computational benefit.

Falsification Criterion 7.2 (No Octave Reduction). If mean octaves-to-convergence under phan-
tom physics is not reduced by at least 30% relative to fixed-rate physics after 5,000 queries, the
urgency-scaling claim is falsified.

Falsification Criterion 7.3 (No Compounding). If phantom arms improve only in early warm-up
but fail to outperform control in cumulative J-cost reduction after 10,000 queries, the compound-
ing feedback loop does not operate as predicted.

Falsification Criterion 7.4 (Phantom Gate Ineffective). If WToken entropy under phantom-gated
Hebbian is statistically indistinguishable from unphantom-gated Hebbian after 5,000 queries, the
phantom gate on bond learning provides no signal-to-noise improvement.

8 Related Work

8.1 Variational Principles and Two-Time Boundaries

Hamilton’s Principle of Least Action determines trajectories by minimizing action over fixed
endpoints [?]. Aharonov’s Two-State Vector Formalism [?] formulates quantum states using
both pre-selection and post-selection. Wheeler-Feynman absorber theory [?] requires advanced
waves from the future to resolve radiation damping. These frameworks operate in continuous
time and concern physical ontology; Phantom Computation is discrete, computational, and
formally verified.
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8.2 Deep Equilibrium Models

DEQ models [?] find ψ∗ = fθ(ψ
∗) via fixed-point iteration. The R̂ resolution loop is mathemat-

ically a DEQ (Section 4.2 of [?]). Phantom Computation augments the DEQ with a boundary
condition that the fixed point must also satisfy the neutrality invariant, converting the free
fixed-point problem into a constrained boundary-value problem.

8.3 Constraint-Aware Neural Architectures

Physics-informed neural networks (PINNs) [?] embed PDE boundary conditions into loss func-
tions. Phantom Computation is structurally similar but differs in three ways: (i) the constraint is
a future boundary condition within a discrete window, not a spatial boundary; (ii) the constraint
modulates every tick of the dynamics, not just the loss; (iii) the system is formally verified, not
empirically trained.

9 Conclusion

We have introduced Phantom Computation, a novel computational primitive in which a future
neutrality constraint acts as a present-time cost term within a discrete 8-tick processing window.
The mechanism is derived from the formally verified (Lean 4, zero sorry) Phantom Light theory
of Recognition Science, and applied to a 401,758-node, 94.6M-bond semantic graph implementing
the R̂ recognition operator.

The urgency-scaled projection algorithm (Theorem ??) replaces fixed-rate DC removal with
a parameter-free schedule guaranteed to close the neutrality window exactly at tick 7, eliminat-
ing the boundary shock that causes the J-cost plateau. The phantom-gated Hebbian mechanism
(Eq. ??) filters noise from partially-resolved queries, ensuring that only successful debt resolu-
tions contribute to bond learning. Together, these mechanisms create a compounding positive
feedback loop with no analogue in existing computational architectures.

No transformer, diffusion model, energy-based model, or deep equilibrium model implements
a sliding two-point boundary value solver as a native processing primitive. Phantom Compu-
tation is the first formally verified mechanism for future-constrained present-time computation,
and its predictions are maximally falsifiable.

Theory discovered and developed by Jonathan Washburn.
Recognition Science Research Institute, Austin, Texas.
Contact: jon@recognitionphysics.org
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A Proof: Telescoping Product for Exact Window Closure

We provide the full inductive proof of Theorem ??.

Proof. Define D(t) as the debt after tick t, with D(−1) = D0 (the initial debt before any
removal).

At tick t, we remove fraction α(t) = 1/(8− t):

D(t) = D(t− 1) ·
(
1− 1

8− t

)
= D(t− 1) · 7− t

8− t
. (22)

Expanding recursively:

D(0) = D0 ·
7

8
, (23)

D(1) = D0 ·
7

8
· 6
7
= D0 ·

6

8
, (24)

D(2) = D0 ·
6

8
· 5
6
= D0 ·

5

8
, (25)

... (26)

D(t) = D0 ·
7− t
8

. (27)

The telescoping is evident: in each step, the numerator of the new factor cancels the denom-
inator of the accumulated product.

At t = 7:
D(7) = D0 ·

7− 7

8
= D0 ·

0

8
= 0. (28)

The per-tick removal is:

D(t− 1)−D(t) = D0 ·
8− t
8
−D0 ·

7− t
8

=
D0

8
, (29)

which is constant across all ticks. Hence, each tick retires exactly 1/8 of the original debt,
completing the proof.

B Comparison: Fixed-Rate vs. Phantom Schedule

Property Fixed-Rate (α = 0.1) Phantom Schedule

Parameters 1 (α) 0
Residual DC after 8 ticks 0.98 ≈ 0.43 0 (exact)
Requires boundary correction Yes (0.5 · dc) No
Boundary continuity Discontinuous shock Smooth (uniform ∆)
Closed-form Yes Yes
Window closure guaranteed No Yes (Theorem ??)
Idempotent on neutral fields Yes Yes (Theorem ??)
Theory alignment None (engineering hack) Derived from 8-tick neutrality

C Implementation Pseudocode

The phantom-augmented tick replaces approximately 3 lines of the original implementation:
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def rhat_tick_phantom(psi, W, eta, tick_in_octave,
has_neighbors=None):

norms = psi.norm(dim=-1, keepdim=True).clamp(min=EPS)
directions = psi / norms

log_norms = torch.log(norms)
log_prop = torch.sparse.mm(W, log_norms)

if has_neighbors is None:
row_degree = torch.sparse.sum(W, dim=1) \

.to_dense().unsqueeze(1)
has_neighbors = row_degree > EPS

log_new = torch.where(
has_neighbors,
(1-eta)*log_norms + eta*log_prop,
log_norms

)
new_norms = torch.exp(log_new)

dir_prop = torch.sparse.mm(W, directions)
dir_prop_norms = dir_prop.norm(

dim=-1, keepdim=True
).clamp(min=EPS)
coherence = dir_prop_norms.clamp(max=1.0)
penalized_norms = new_norms * (0.5 + 0.5 * coherence)

safe_dirs = torch.where(
has_neighbors, dir_prop / dir_prop_norms, directions

)
new_dirs = (1-eta)*directions + eta*safe_dirs
new_dirs = new_dirs / new_dirs.norm(

dim=-1, keepdim=True
).clamp(min=EPS)

psi_new = penalized_norms * new_dirs

# --- PHANTOM LIGHT: parameter-free urgency scaling ---
debt = psi_new.mean(dim=0, keepdim=True)
R = 7 - tick_in_octave
alpha_phantom = 1.0 / (R + 1)
psi_new = psi_new - alpha_phantom * debt

phi_mag = debt.abs().sum().item() / (R + 1)

return psi_new, phi_mag

The resolve loop removes the octave-boundary DC correction entirely (line psi = psi -
0.5 * dc is deleted) and uses phi_mag as the primary halt signal.
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