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Abstract 1

Reliable decoding in Shannon’s theory requires the information rate to stay below the 2

channel capacity. We model adaptive systems coupling inference to irreversible action 3

by an analogous rate–capacity law whose binding quantity is not message error but the 4

recoverability of commitments, and whose central, testable consequence is a decoupling 5

of accuracy from recoverability: a finite-capacity decoder driven toward its capacity stays 6

predictively accurate while losing the ability to undo what it commits. We confirm this in 7

an event-driven simulation—accuracy held fixed while recoverability collapses near the 8

boundary—with both quantities read from observable counts (certified versus uncertified 9

commitments, queue occupancy). We organize the law as Recoverable Self-Coding (RSC): a 10

self-decoder holds an induced informational flux Rself below a finite integrative capacity Cself, 11

and irreversible action is admissible only when the feasibility margin M = Cself − Rself is 12

non-negative and the measurement–action loop is locally invertible (a mutual-information 13

condition). Modelling the uncertified-commitment backlog as a single-server certification 14

queue, the stability ratio has a closed form in the queue’s decay exponent and diverges 15

as (1 − CR)−1 at the stability boundary CR = Rself/Cself = 1—the effective-bandwidth 16

heavy-traffic limit—defining a two-dimensional (CR, SR) regime map that operationalizes 17

recoverability as an early-warning instrument. As one application, the erosion of human 18

agency under AI acceleration—which raises Rself across many systems at once—appears 19

as a structural feasibility violation rather than a motivational failure, with a structural 20

remedy: shape the rate, grow capacity, preserve invertibility. The same gauge reads human, 21

institutional, and AI decision systems, and is meant to complement existing decision and 22

uncertainty-quantification tools with an action-admissibility criterion, not to replace them. 23

Keywords: recoverable self-coding; channel capacity; rate–capacity constraint; mutual 24

information; effective bandwidth; heavy-traffic theory; uncertainty quantification; recover- 25

ability; irreversibility; human–AI systems; machine learning 26

1. Introduction 27

Artificial intelligence is changing how consequential decisions are made. As candidate 28

decisions become cheap, fast, and scalable, institutions route ever more judgments and 29

triggers through their most efficient decision node [3]; responsibility diffuses and oversight 30

tends to become formal rather than substantive—approvals still issue, but the capacity to 31

trace a decision to its outcome and reverse it before harm erodes. Safety science has long 32
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named this failure mode—systems migrating to the boundary of safe operation under 33

efficiency gradients [4], normal accidents in tightly coupled systems [5], the erosion of 34

layered defences [6,7]—but it has lacked, for the AI setting, a measurable order parameter for 35

how close the irreversible crossing is. 36

We supply one, by analogy with the sharpest structural limit in the information 37

sciences. Shannon’s channel-coding theorem fixes a hard limit: a memoryless channel 38

of capacity C admits reliable recovery if and only if the information rate R < C [8,9]. 39

The core claim is that an analogous limit governs any system coupling inference to 40

irreversible action; that the binding quantity is not message error but the recoverability 41

of commitments; and that the failure is sharp and measurable: driven toward its capacity, 42

a decoder stays accurate while its commitments stop being recoverable. Oversight 43

becoming formal rather than substantive is this decoupling at the institutional scale. We 44

formalize it as Recoverable Self-Coding (RSC): a self-decoder holds an induced flux Rself 45

below an integrative capacity Cself, so the capacity ratio CR = Rself/Cself—historically ≪ 1, 46

now driven toward unity by AI across many domains at once—approaches the feasibility 47

boundary CR = 1, the structural analog of the Shannon limit. The reframe was introduced 48

in this program’s foundational preprint [10]; an independent treatment reaching the same 49

thesis has since appeared [11], which the instrument here extends by supplying the order 50

parameter and the early warning it lacks. 51

We are explicit about what is and is not new: the mathematics is classical single- 52

server queueing theory and the early-warning mechanism is critical slowing down [12]; 53

the contribution is the reframing and the instrument it makes possible. Here we give the 54

information-theoretic statement of the constraint, the universal boundary law for the loss 55

of recoverability, and the accuracy/recoverability decoupling confirmed in simulation, and 56

instantiate the constraint in the loss of human agency under AI acceleration. The fuller 57

development—count-based estimators with a detection ROC, the independent capacity 58

and invertibility axes, and the field signatures in GitHub and Wikipedia data—is in the 59

companion Special Issue article and the foundational paper [10]. 60

2. Decoders and Their Constraints 61

From channel reliability to action recoverability. Call any physical or informational 62

system that maps uncertain observations into internal state updates and downstream 63

commitments—some irreversible—a self-decoder. The abstraction is substrate-independent: 64

biological cognition, artificial computation, institutions, and hybrid human–AI systems are 65

all self-decoders. Over a finite decision horizon ∆t, let Rself(t) be the induced informational 66

flux—the rate at which unresolved uncertainty requiring certification before commitment is 67

injected (an operational quantity defined through admissible proxies such as queued 68

decisions and uncertified candidate commitments, not raw data rate, FLOPs, or tokens 69

per second)—and let Cself(t) be the effective integrative capacity: the rate at which candidate 70

commitments can be certified and grounded, including throughput, buffering, coherence 71

maintenance, and validation latency. The Shannon condition R < C then has a direct 72

generalization: recoverable operation requires 73

Rself(t) < Cself(t) ⇐⇒ CR(t) ≡ Rself(t)
Cself(t)

< 1, M(t) ≡ Cself(t)− Rself(t) ≥ 0. (1) 74

The generalization replaces the decoded quantity: where Shannon bounds the reliability 75

of a recovered message, Eq. (1) bounds the recoverability of an irreversible action. This 76

is the central reinterpretation of RSC—a rate–capacity law for commitment rather than 77

communication. 78
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What the constraint is built on. The quantitative content rests on classical single- 79

server queueing theory and its information-theoretic bridge—effective bandwidth [13,14] 80

and effective capacity [15], grounded in the large-deviations theory of the single-server 81

queue [16–19]: the connection between Shannon’s R < C and queue stability is a developed 82

theory, not an analogy. We model the uncertified-commitment backlog as a certification 83

queue and read Rself, Cself, and the regime coordinates from it; the contribution is the 84

reframing—recoverability of irreversible action as the binding constraint, operationalized 85

as an instrument measurable from counts—not the underlying probability. The deeper 86

nonequilibrium grounding (a Langevin/annealing dynamics, a self-entropy balance, the 87

Landauer cost of each commitment) is developed in the foundational paper [10] and not 88

relied upon here; that a unit of certification is treated as a channel use is a modelling 89

choice, so substrate-independence across human, institutional, and machine decoders is an 90

interpretive claim rather than a theorem. 91

3. The Missing Instrument 92

Equation (1) sits at the confluence of several established literatures, and the contribu- 93

tion is their unification, not the mechanism. The classical decision frameworks—expected 94

utility and optimal control, risk management [20], real options [21], robust and safe-set 95

methods [22,23], AI alignment [24]—were each developed for the regime CR ≪ 1, where 96

recoverability is free; the early-warning mechanism is critical slowing down [12]; the con- 97

trol responses (shape the rate, grow capacity, preserve reversibility) are congestion control, 98

admission control, and progressive delivery; and the security reframe is the safety-science 99

tradition [4–6], recently restated for AI [11]. What none supplies, and RSC does, is a single 100

measurable order parameter for the recoverability of irreversible action, with a phase 101

boundary and an early warning. The family-by-family comparison is tabulated in the 102

companion Special Issue article. 103

4. The Recoverability Constraint 104

RSC separates two questions conventional tools conflate. Accuracy concerns the 105

correctness of beliefs (posterior quality); feasibility concerns the admissibility of irreversible 106

action under rate, latency, and option-loss constraints. A decoder can be accurate yet 107

infeasible—committing irreversibly faster than it can certify—so being right on average 108

does not prevent it from foreclosing its own future. 109

Two further notions complete the constraint. Recoverability is a trajectory property: 110

the existence of future admissible trajectories that can correct or cancel past commitments 111

before irreversible option loss becomes binding; two states identical at time t can differ in 112

recoverability through differing certification debt relative to ∆t. Local invertibility over ∆t 113

holds when, before commitment, environmental perturbations δE induce distinguishable 114

certified macrostates Z—operationally, when the pre-commitment mutual information 115

stays bounded away from zero, 116

I(δE; Z | pre-commit) ≥ ι > 0, (2) 117

so that distinct causes remain distinguishable and corrective action admissible; it is enforced 118

by a gate q(t) ∈ [0, 1] with bounded timescale ratio ζ = τcert/τupd. The central result is 119

then an admissibility law rather than an optimization rule: 120

Recoverability Constraint. Irreversible action is admissible only if both 121

(i) M(t) ≥ 0 on the relevant horizon and (ii) local invertibility (2) holds over ∆t. 122

If either fails, irreversible action induces path-dependent contraction of future 123

option space that later posterior revision cannot undo. 124
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5. The Regime Map and the Boundary Scaling 125

Condition (ii) is diagnosed by a stability ratio 126

SR(t) =
Ṡi(t)
Ṡe(t)

≈ Ṅuncert(t; ∆t)
Ṅcert(t; ∆t)

, (3) 127

the ratio of internally generated (uncertified) to externally anchored (certified) commitment 128

flux, estimated by the uncertified-to-certified count ratio. Its behaviour near the boundary is 129

exact, not heuristic. The recoverability boundary CR = 1 is the certification queue’s stability 130

boundary—a stationary recoverable regime exists iff CR < 1 [16]—and the stationary 131

sojourn T has an exponential tail Pr(T > x) ≍ e−θ⋆x with decay exponent θ⋆ [17], the 132

effective-bandwidth/effective-capacity quality-of-service exponent at which arrival and 133

service balance [13–15]. A commitment is certified iff it clears within the horizon ∆t, so the 134

certified fraction is Pc = 1 − e−θ⋆∆t and 135

SR =
1 − Pc

Pc
=

e−θ⋆∆t

1 − e−θ⋆∆t
CR→1−−−−−−→ 1

θ⋆∆t
∼ (1 − CR)−1, (4) 136

since θ⋆ = µ(1 − CR) for the Markovian queue and θ⋆ → 2µ(1 − CR)/(c2
a + c2

s ) in heavy 137

traffic (Kingman): the (1 − CR)−1 exponent is universal across arrival and service distri- 138

butions, the variability entering only the prefactor. The deadline-aware admissible flux is 139

Rself < Ec(θε), the effective capacity at θε = − ln ε/∆t for target un-recoverability ε, recover- 140

ing Rself < Cself as ∆t → ∞. The multi-distribution study, the count-based estimators, and 141

the empirical signatures are developed in the companion Special Issue article. Equation (4) 142

confines recoverable operation to CR < 1 with SR ≤ SRc, the admissible margin in CR 143

collapsing as the boundary is approached; the divergence is confirmed numerically below 144

(Figure 1b). 145

Together, the capacity ratio and the stability ratio give a recoverability gauge readable 146

from counts. In steady state SR = CR/(1 − CR), so SR is the observable of the capacity axis, 147

not a second dimension; the genuine second axis is invertibility, the mutual information 148

I(δE; Z), which fails independently when certification latency outruns the drift of the 149

environmental cause—a decoupling established in the companion Special Issue article. 150

Both coordinates are diagnostics, not objectives: by Goodhart’s law [25], optimizing SR 151

invites gaming—suppressing action or inflating nominal certification—without restoring 152

recoverability, so RSC treats them as constraints. 153

6. Numerical Demonstration 154

We test the prediction that distinguishes the framework—that under acceleration it is 155

recoverability, not accuracy, that fails—in an event-driven simulation of a finite-capacity 156

decoder. Candidate commitments arrive as a Poisson process of rate λ and are certified by 157

a single server of rate µ, so the utilization is exactly the capacity ratio ρ = λ/µ = CR, with 158

waiting times given by the Lindley recursion. A commitment is certified—traceable, hence 159

locally invertible—if its sojourn (queueing delay plus service) falls below a certification 160

horizon ∆t, and is committed uncertified otherwise. Belief correctness is drawn indepen- 161

dently with probability pacc = 0.9, decoupling predictive accuracy from congestion by 162

construction; a commitment is recoverable if, should it prove wrong, it remains both certified 163

and correctable by a further pass within an option-loss window H. 164

Figure 1 reports 4 × 104 commitments per operating point (µ = 1, ∆t = H = 4). 165

Panel (a) is the central result: predictive accuracy stays flat at 0.90 across the entire range 166

while recoverability collapses from 0.75 at CR = 0.5 to 0.05 at CR = 0.94. A system can 167

thus remain fully accurate while losing the ability to undo its commitments—accuracy and 168

https://doi.org/10.3390/0

https://doi.org/10.3390/0


Version June 21, 2026 submitted to Phys. Sci. Forum 5 of 7

feasibility are distinct, and it is feasibility that fails under acceleration. Panel (b) confirms 169

the boundary law: the simulated uncertified-to-certified ratio diverges with the (1 − CR)−1
170

exponent of Eq. (4), the prefactor reflecting the finite certification horizon. Both diagnostics 171

are read directly from observable counts—certified versus uncertified commitment rates 172

and queue occupancy—so the (CR, SR) instrument is estimable from data a system already 173

produces, without access to its internal model. Here accuracy is held fixed by construction 174

to isolate the dynamics of recoverability; that the decoupling survives when accuracy 175

is instead made a function of the same queue, that the (1 − CR)−1 law is robust across 176

arrival and service distributions, and that the regime is estimable from counts with an 177

early-warning detector, are established in the companion Special Issue article. 178
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Figure 1. Finite-capacity decoder driven across the feasibility boundary (4 × 104 commitments per
point; µ = 1, ∆t = H = 4, pacc = 0.9). (a) Predictive accuracy holds at 0.90 while recoverability
collapses as CR → 1 (shaded: the recoverable regime). (b) The simulated stability ratio (uncerti-
fied:certified) diverges with the (1 − CR)−1 exponent of Eq. (4).

7. Application: Decision Systems Under AI Acceleration 179

A human, an institution, and an AI system are all finite-capacity self-decoders. For a 180

person or organization, Cself is bounded deliberative and validation bandwidth—attention, 181

working memory, institutional review [26,27]; for an automated pipeline or agent it is the 182

rate at which proposed actions can be verified and grounded before they are committed. 183

Artificial intelligence acts as a gradient multiplier: by accelerating option generation, feed- 184

back, and decision cadence it raises Rself directly [3,28], driving CR → 1 in the human, 185

in the AI, and in the coupled human–AI system. Equation (1) then predicts the observed 186

failure: commitments accumulate faster than they can be certified, SR diverges by Eq. (4), 187

the invertibility mutual information (2) collapses, and effective agency is lost—independent 188

of motivation, competence, or the accuracy of individual judgements. 189

For human agency this reframes erosion as a structural feasibility violation rather than a 190

personal one, with measurable signatures—the felt inability to keep up is CR → 1, acting on 191

momentum rather than grounded feedback is rising SR, and losing the trace from decision 192

to outcome is loss of invertibility—the dominant failure being premature commitment. The 193

identical constraint governs an agentic AI that issues irreversible actions faster than it 194

can certify them. Historically, sustained operation above the boundary (CR > 1) was a 195

pathological exception—overwhelm and breakdown, entered only under acute stress; AI 196

makes CR ≳ 1 a default, so the pathology becomes the norm, and what is required is a 197

trajectory-level instrument that signals the approach to Γ before the irreversible crossing— 198

precisely what continuous monitoring of the (CR, SR) map provides. 199
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8. What It Enables, and Conclusion 200

RSC converts recoverability from a qualitative concern into a measurable, con- 201

trollable quantity: an instrument—monitor CR and SR live from observable counts as 202

early warning before the non-recoverable crossing; a controller—the rate-shaping parti- 203

tion {defer, repeat-first, escalate, suppress}, i.e. reduce induced flux, grow certified capac- 204

ity, or gate commitment rather than optimize harder; and a complement to uncertainty 205

quantification—where UQ says how uncertain, RSC says whether to act irreversibly given 206

the surrounding rate and capacity. 207

Under acceleration the binding constraint thus shifts from accuracy to recoverability, 208

exactly as Shannon’s theorem shifts reliability from effort to the rate–capacity relation, with 209

a concrete remedy: shape the induced rate, grow certified capacity, preserve invertibility. 210

The multi-distribution universality study, the count-based estimators with sample com- 211

plexity and a detection ROC, and the predicted signatures in two operational substrates 212

are developed in the companion Special Issue article; the nonequilibrium-thermodynamics 213

grounding of the divergence, closed-loop rate-shaping control, and field estimation of the 214

invertibility mutual information remain open [10]. 215
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