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Energy-delivery-to-compute schemes are ordered by one axis: the number of domain crossings that survive
between the energy source and the computational state variable, each crossing a conversion loss and a
reproducibility checkpoint. Collapsing crossings raises efficiency and, along the same diagonal, forfeits
the interfaces at which state could have been re-clocked or restored — so the maximally efficient substrate
(identity, zero crossings) inherits the raw noise of its carrier. The disclosed object is the resolution and its
price: define the committed observable as the label of the attractor basin a dissipative substrate settles
into, not the microstate; then supply perturbations below the barrier are physically rejected, the settling
is the error correction, and attestation binds only the label at a cost of order the decision entropy. The
barrier height that rejects supply noise of a given intensity is a thermodynamic lower bound on the energy
per reproducible commit — a Landauer-analog distinct from the erasure bound — which forces two
consequences: reproducibility and reversibility are opposed (a non-dissipative substrate builds no basins),
and free invariance is paid in representational density. All constituent physics is public; no term is
enclosable.

1. The crossings-tax axis

Let a computing system map an energy source to a computational state variable through a chain
of physical domains. Write  for the number of domain crossings that survive between the two.
Each crossing  carries a conversion inefficiency  and freezes an interface, so the end-
to-end efficiency is multiplicative,
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and is monotonically improved by deleting crossings. The spectrum orders mechanisms by
crossings remaining, high to low: S0 separated (source · supply · regulated rail · digital compute);
S1 harvested-separated; S2 conditioning-collapsed (bursty supply drives asynchronous logic, no
clean rail); S3 storage-collapsed (the store is the state); S4 co-integrated (source and compute
share a substrate, distinct mechanisms); S5 identity (the source variable is the compute-state
variable, ). S5 is the asymptote and the object of interest.

2. The carrier × rung matrix

Crossed with the physical carrier, the spectrum has forbidden and empty cells that locate the
unbuilt work. The S5-identity mechanism and its status per carrier:

CARRIER S5-IDENTITY MECHANISM (SOURCE VAR =
COMPUTE VAR)

STATUS

Photonic incident light performs the linear transform on its
own energy

demonstrated (diffractive optical
networks)

Electrochem. redox / ion gradient powers and computes demonstrated in biology (neurons)

Ionic Soret-driven ion separation is the memristive state empty — implementable (both halves
published)

Thermal gradient powers and computes in-domain empty — nascent

Mechanical harvested strain performs the logic near (mechano-ionic / phononic)

Spin /
magnetic

spin texture stores energy and computes frontier (magnonic)

RF / EM incident field powers and modulates the
computation

partial (backscatter)

Nuclear — forbidden — beta decay is power-only;
caps at S4

The empty-but-implementable cells — ionic and thermal — are the flagged prior art: in each, two
literatures name one mechanism twice (harvesting versus computing) and no published device
makes one coordinate serve both. Nuclear is the only carrier forbidden to identity, which is
precisely why a betavoltaic constant-power floor is the deterministic reference: pure power, no
compute coupling, no noise to inject.

3. The diagonal (design law)

The spectrum has a diagonal. Every crossing deleted to remove the conversion tax is a crossing at
which the state could have been re-clocked, re-quantized, or restored to enforce reproducibility.
Efficiency and bit-invariance are therefore bought with the same coin, the retained interface: S0 is
maximally reproducible and maximally wasteful; S5 is maximally efficient and inherits the raw
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physics — including the noise — of its carrier. The naive repair, converting and rounding at an
added boundary, reintroduces exactly the crossing that was deleted. The remaining sections
disclose an invariance that costs no crossing.

4. Basin-label invariance

Let the substrate be dissipative, descending a free-energy landscape  with discrete attractor
basins . Define the committed observable as the basin label rather than the microstate,

Three mechanisms make the label invariant at no domain crossing, because each is intrinsic to the
substrate. (i) Basin coarse-graining: a perturbation below the barrier is rejected as the dynamics
roll back down; the settling is the error correction, and the landscape does the rounding that a
converter would otherwise do. (ii) Physical redundancy: many noisy elements summed on a
shared electrode average by the law of large numbers, and the summation is a Kirchhoff junction
— a wire — so independent noise never moves the committed label; only a common-mode
excursion can. (iii) Hysteresis as free quantization: a hysteretic device is a physical Schmitt
trigger, rejecting noise inside the loop width without an analog-to-digital conversion. Attestation
then pays exactly one crossing, and it is asymptotically free: signing the label costs

 bits of decision entropy, not the joules-heavy analog trajectory.

5. The bound (a Landauer-analog for reproducibility)

Escape from a basin under supply noise of intensity  (the noise variance density, an effective
temperature) follows Kramers' rate[4],

Holding the label over a commit window  with failure probability at most  requires 
, hence a minimum barrier, and — since each rejected perturbation dissipates at least

the barrier it climbs back down — a minimum energy per invariant commit:

This is a thermodynamic lower bound on the energy required to make an output invariant against
supply noise of a given amplitude, and it is distinct from Landauer's  per erased bit[1]:
Landauer prices erasure, this prices reproducibility. Spend less than  and the basins are
too shallow to reject the noise — the invariance is not available to purchase at any lower price.
Whether this bound is tight, or can be beaten by a coarse-graining cleverer than ,
is stated as the open theoretical question, not asserted as settled.
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6. The reversibility inversion

The bound inverts a premise the low-power field treats as settled. Reversible and adiabatic
computing minimize energy per operation by not dissipating[2]; but a non-dissipative substrate
has no attractor basins, and so preserves supply noise instead of coarse-graining it. Dissipation is
what builds the basins that reject the noise for free. The substrate that buys boundary-invariance
without a crossing is therefore minimally dissipative but deliberately not reversible, sitting above
the Landauer floor by exactly the barrier height it needs,

so that reproducibility and reversibility pull against each other at S5. The attractor-network
lineage of this construction is classical[3]; what is disclosed is its use as a crossing-free invariance
primitive priced by the bound above.

7. Representational density (the honest cost)

Free invariance is paid in bits. Deep, well-separated basins occupy the state range at a coarser
spacing , increasing in barrier height, so the number of distinguishable states and hence
the information capacity per device fall as the barrier rises,

This is the true Pareto surface of energy-native computation: representational density traded
against noise margin, a landscape-geometry tradeoff in which barrier height replaces the
guardband of a regulated design.

8. Claim

The disclosed object is the following, taken together and priced thermodynamically rather than in
raw energy: (a) the crossings-tax ordering S0–S5 and the carrier matrix that locates the empty-
but-implementable identity cells; (b) the basin-label invariance construct, in which the committed
and attested observable is the attractor-basin label of a dissipative substrate and the three
intrinsic mechanisms of §4 supply reproducibility at no domain crossing; and (c) the bound

 with its two corollaries — the reversibility inversion and the density–margin
Pareto. All constituent relations — the multiplicative efficiency, Kramers' rate, the Landauer floor,
the Kirchhoff sum, the Nernst/Soret and photonic identity mechanisms — are public physics; no
term is enclosable.
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