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Abstract

Revelation Control is the problem of choosing priced interventions that reveal hidden state only insofar as the revealed
distinctions can change a consequential decision, while accounting separately for any useful progress created by the
intervention itself. We develop this theory for learning systems, where states equivalent under declared current information
can respond differently to future training and favor different actions. The framework defines decision-sufficient revelation
and revelation depth, separates pure information value from productive reuse, embeds static Bayes refinement into state-
dependent continuation value, and gives an exact cost-adjusted factorization criterion: an additional shallow coordinate is
decision-nonredundant only when states sharing a scalar summary lie on opposite sides of the priced STop/CONTINUE
boundary. We also give a target-independent protocol for model-specific instantiation and prove that bounded stop—flip risk
alone cannot certify positive expected utility under unrestricted severity. Across Qwen2.5-7B and Mistral-7B-v0.3, deeper
future-learning probes have positive decision value and productive reuse yields strict equal-compute utility advantages.
Qwen additionally provides evidence for a decision-nonredundant shallow revealability regime; in Mistral, a scalar
continuation architecture fit only on an independent development panel retains positive familywise-adjusted lower bounds
on a disjoint target panel, consistent with scalar decision sufficiency within the tested architecture family and resolution.
The evidence supports structural rather than numerical transfer: the decision theory, cost accounting, continuation logic,
and evaluation protocol transport, while empirical proxies, coeflicients, thresholds, and even the required shallow state
dimension may be system-specific.

1 Introduction

Sequential decision systems are routinely controlled through summaries of their current state. In learning systems
these include present losses, held-out metrics, gradients, optimizer telemetry, and short diagnostic trajectories. Such
summaries are decision-sufficient only when the distinctions they discard cannot change the action that should be taken.
A learner may instead occupy execution states that look equivalent under the declared current information yet react
differently to the same future training intervention.

Our companion work, Fiber Fingerprints of Hidden Learning-State Dynamics [40], establishes the predictive premise
within its declared scope: present behavior need not be a sufficient statistic for declared future learning. The decision
theory developed here does not depend on that paper’s specific geometric machinery; it takes hidden decision-relevant
state as the object to be revealed and asks the downstream question:

When does hidden learning-state structure become actionable decision information?

We call the resulting control problem Revelation Control: the controller chooses not only which action to take, but
which future-learning interventions to instantiate, how much decision-relevant state to reveal, and which tested future to
promote into execution.

The distinction between prediction and decision is essential. A hidden variable can improve prediction without
changing the optimal action; a refined observation can increase oracle Bayes value while a finite-sample learner fails to
extract it; and a training probe can both reveal information and leave behind useful computation. A decision theory for
future-learning probes must therefore keep information, execution technology, learnability, and cost separate. Once
refinement depth is allowed to vary, the same value functional becomes a control law over how much future information
to acquire.

Partial training itself is not new. Freeze—Thaw Bayesian optimization uses partial learning curves to decide whether
to pause or resume models [37]; learning-curve extrapolation can terminate weak runs before full training [7]; successive
resource-allocation methods exploit intermediate performance to concentrate computation on promising candidates
[18, 25]; Population Based Training reuses and adapts live training trajectories [17]; and DynaMiCS uses short
domain-specific probes to estimate local cross-domain effects before selecting a constrained fine-tuning mixture [14].
Nor are Bayes value of information, Bayesian experimental design, active sensing, partial observability, or dual control
new ideas [5, 6, 11, 15, 21, 26, 39]. The distinctive step here is to turn future learning itself into a decision-relative
experiment on hidden learner state, and to exploit the fact that the tested path can remain useful computation. Although
the empirical instantiation in this paper is model training, the underlying decision structure is broader: a priced,
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controlled probe can change a system, reveal otherwise hidden decision-relevant state through its response, and leave
reusable progress if the tested path is selected. Section 15 develops this extension while keeping all empirical claims
confined to the learning systems actually studied.

1.1 Contributions
The paper makes five coupled contributions.

1. Decision-sufficient revelation. We characterize when refined information changes the Bayes decision quotient,
derive exact binary aliasing value, and identify a local revelation depth at which currently hidden decision-relevant
directions become observable to an admissible future-learning probe.

2. Productive revelation technology. We distinguish discard-and-restart probing from probe-and-promote revelation,
derive the equal-budget depth geometry, and separate pure information gain from the value of having already executed
part of the selected training path.

3. Adaptive revelation control. We prove that population Bayes refinement value is exactly the expectation of a
conditional state-dependent revelation value. We then derive an exact cost-adjusted scalar-control gap: a second
shallow coordinate is decision-nonredundant precisely when a positive-mass scalar fiber contains states on both sides
of the priced Stop/CoNTINUE boundary. In the binary location—scale specialization this yields a critical-revealability
crossing criterion, so one-dimensional control can remain optimal even when revealability varies conditionally but
never changes the meta-action.

4. Learnability and certification boundaries. We separate oracle revelation value from approximation, estimation,
acquisition, and promotion terms. For adaptive depth, we identify a sharp boundary: bounded stop—flip risk alone
cannot certify positive expected utility under unrestricted severity; a severity, moment, or integrable-tail condition is
the missing object.

5. Cross-model Transformer validation and a reusable instantiation procedure. In a first 7B Transformer family,
fixed-depth revelation, structural decision refinement, productive reuse, equal-compute frontier advantage, and
adaptive safe-compute behavior are supported on independent panels. In an independently instantiated Mistral-7B-
v0.3 family, positive deeper-revelation value and productive equal-compute utility reproduce on an independent
two-bank panel. Within the finite pre-existing continuation-architecture family, a scalar architecture fit only on
separate development data retains positive familywise-adjusted lower bounds on the target panel. The two families
therefore reproduce the same Revelation-Control structure, while Qwen provides evidence that extra shallow
revealability information is decision-nonredundant at the declared compute price and Mistral is consistent with scalar
decision sufficiency within the tested architecture family and resolution.

1.2 Scope and organization

Scope of claims. The paper does not claim unrestricted dominance over every current-information policy, every
probing algorithm, every model family, or every deployment cost model. The finite-library result is exactly that:
finite-library. The structural refinement claim is conditional on a declared shallow ambiguity regime rather than an
unrestricted Bayes comparison over complete shallow information. The comparative claim uses one strengthened
DynaMiCS-style short-probe frontier under a common policy-visible update budget. Cross-model transport is structural
rather than parametric: different model families may use different legal revealability proxies, fitted coefficients, or
stopping thresholds, and the theory explicitly allows scalar decision sufficiency whenever no positive-mass scalar fiber
crosses the cost-adjusted continuation boundary. Fully tail-robust population utility certification remains conditional on
an explicit severity, moment, or tail class.

Organization. Sections 2 and 3 identify the decision quotient and the depth at which hidden distinctions become
decision sufficient. Section 4 develops productive fork—probe—promote execution. Section 5 closes static refinement
into state-dependent control, proves the scalar-control factorization criterion, and gives the model-specific instantiation
protocol. Section 6 separates oracle value from finite-sample extraction and certification; the related-work section then
fixes the novelty boundary before the empirical instantiation. Sections 8 to 13 evaluate the theory in two Transformer
families, and Section 14 summarizes the cross-model invariants and regime-specific differences. Section 15 then
identifies prospective learning, computational, physical, scientific, operational, and high-stakes domains in which the
same theory-first instantiation procedure may be useful. Limitations and conclusions follow; the appendices collect
proofs, statistical inference, and experimental protocol details.



2 Decision value and decision factorization

Let (Q, F,P) be a probability space, A a finite action set, and Q, € L' the terminal utility of action a. For an
information sigma-field 7 C ¥, define the observation-relative Bayes value

VB(I)zE[maXE[Qa | IT]- 2.1
aeA
If 7 C @, then Jensen’s inequality for the finite maximum gives the standard refinement monotonicity
I@|\ &) =Ve(€)-Vp(¥)=0. 2.2)
For an event A € % with P(A) > 0, define
Vg(1;A) :E[maXE[Qa | 7] 'A], 2.3)
aeA

and for a measurable policy 7, write V(m; A) = E[Q, | A] and V() = E[Q,].

2.1 Decision factorization

Definition 2.1 (Decision factorization). For #Z C &, the €-optimal decision factorizes through 7 if there exists an
Z -measurable policy ny satisfying

g (w) € arg ma;(;E[Qa | €](w) as. 2.4

The definition concerns the action-relevant quotient of the refined information, not reconstruction of the full latent state.

Proposition 2.2 (Exact finite-action strictness criterion). For finite A and integrable utilities,
V(%) = V(%) (2.5)

if and only if the G-optimal decision factorizes through . Hence strict refinement value occurs exactly when no
H -measurable policy is &-Bayes optimal almost surely.

This criterion is deliberately decision-relative. A refinement can contain predictive information while having zero
value for the declared action menu; conversely, only a small quotient of a very high-dimensional latent state may
be required to change the optimal action. This perspective is compatible with classical comparison of experiments
and value-of-information theory [4, 5, 15], but our later use is dynamic because the act of acquiring future-learning
information can also create reusable computation.

2.2 Dynamic decision-factorization obstruction

At time ¢, let v;(a) be the current coarse-information action value before accounting for unresolved downstream
distinctions, and let v} = max, v;(a). Define the current opportunity cost

d;(a) = v} —vi(a) 2 0. (2.6

Let L, > 0 be the immediate value lost because the coarse representation aliases current decision-relevant states, and let
wy¢(a) = 0 be the continuation obstruction that remains after taking action a. With continuation factor y > 0, define the
total dynamic obstruction by comparing the best continuation-aware action with the coarse current benchmark:

OPF =L, + maj)%{vt(a) +ywi(a)} — vy, 2.7
ae

Proposition 2.3 (Dynamic decision-factorization decomposition). The obstruction admits the exact decomposition

O = Ly + max{yw,(a) - d; (a)}. 2.8)




Moreover,
O =0 & L, =0 and yw,(a) < d;(a)Va. (2.9)

In particular, if v > 0 and any current coarse-optimal action has w;(a) > 0, then the coarse representation is
dynamically insufficient even when L; = 0.

The theorem is a decomposition, not a replacement for POMDP or dual-control theory. It isolates a failure mode
useful for learning systems: a summary may support the correct action now yet collapse distinctions that become
decision-relevant after the chosen action enters a new training state.

3 Decision-sufficient revelation and revelation depth

A learning execution state is broader than model parameters:
X; = (0;, my, vy, history, RNG, scheduler, . . .). 3.1

The legal current information is
= o (Cr), (3.2

where C; may contain all prospectively legal current losses, readouts, history summaries, optimizer summaries, and
telemetry. “Current-only” therefore does not mean behavior-only. A controlled future-learning probe Y}, induces

G =9V o(Yy). 3.3)

The companion work establishes predictive non-sufficiency but not decision value [40]. The present section asks
which parts of a current-behavior fiber must be revealed to factor the terminal decision quotient. For the binary
action menu {KEegp, X1}, let g, (x) denote the state-conditional expected terminal utility of action a under the declared
evaluation technology, and define the terminal action gap

g(x) = gx:(x) — gKeer (%). 34
A pointwise decision-aliasing witness consists of x1, x, such that
C(x1) = C(x2), g(x1)g(x2) <O0. (3.5)

The full state need not be recovered: the probe only needs to refine the decision quotient, i.e., the distinctions necessary
to select an optimal action.

Definition 3.1 (Decision-relevant revelation). A future-learning probe Y}, is decision-relevant relative to 7; if
VB(&n) > V(7). (3.6)

3.1 Exact binary aliasing identity
Let D = Oxy — Oxere, My = E[D | #], and mg = E[D | €]. Define the % -measurable random variables

ap =E[(mg)+ | X1, by =E[(-mg)+ | Z]. (3.7

By the tower property, mpy = ag — by almost surely.

Theorem 3.2 (Binary aliasing identity). For the binary action menu, the exact refinement value is

|V5(%) - Vs (%) = Elmin{an. by}]. | (338)

Thus strict value is present exactly when the coarse information has positive probability of retaining refined posterior
mass on both sides of the terminal decision boundary. More quantitatively, let A € I with P(A) > 0. If for some § > 0
and a, B > 0,

Pimg =26 | &) > a, Pimg <=6 %) =8B a.s.on A, (3.9)



then

\VB(?) — V() > P(A) 6 min(a, B) > 0. \ (3.10)

Equation (3.8) is the distributional form of the alias-cell argument: within each coarse-information fiber, refined
states can favor opposite terminal actions, and only the smaller of the two conditional magnitude-weighted sign masses
creates irreducible coarse decision regret. Predictive variation that never crosses the declared decision boundary has
zero value for this binary action menu. No positive-probability atom of the coarse information is required.

3.2 Local geometry and revelation depth
Let @, denote the complete legal frontier information map after a short probe depth ¢ (current information plus the
frontier summary), let g be the terminal action-gap function defined above, and let Y}, be a deeper revelation observation.

Proposition 3.3 (Local aliasing and revelation). Suppose ®., g, and Y, are continuously differentiable near xo,
g(x0) =0, and ©. has locally constant rank. If there exists
v € ker DD, (x¢) (3.11)
with
Dg(xg)v # 0, DYy (xo)v # 0, (3.12)

then a local curve contained in the frontier level set passes through states requiring opposite terminal actions, while
the deeper observation changes to first order. The frontier information is therefore locally decision-aliased along v,
whereas the depth-h probe is locally sensitive to that direction.

Definition 3.4 (Revelation depth). For a decision-relevant direction v at x(, define its first revelation depth

™ (v) = inf{h : DY} (x0)v # 0}. (3.13)
For a discrete probe grid, the infimum is understood over the admissible depths. The quantity records first sensitivity
only; it does not by itself assume that sensitivity must persist at every deeper exact-depth readout.
Corollary 3.5 (Equal-budget short-probe separation). Suppose the conditions of Proposition 3.3 hold and a restart
frontier reaches depth ¢ while a productive active method reaches h = -+ c at equal update budget. If

DY.(xo)v=0,  DYp(xo)v #0, (3.14)

then the short-probe information is locally blind to a decision-changing direction that the deeper active observation
reveals. On a discrete admissible depth grid—or more generally when the first sensitive depth is attained—persistence
over the admissible depth family (for example because the legal depth-h record retains earlier readouts) makes this
condition equivalently summarized by ¢ < 7™ (v) < h. If, in addition, this aliasing occurs on a positive-probability
coarse-information region and the refined conditional action gap places nonzero mass on both signs there, Theorem 3.2
gives strict Bayes refinement value.

For the prespecified two-action contract, the persistent/cumulative-readout shorthand for the regime of interest is

4 <1t*(v) <8, (3.15)

while the exact nonpersistent condition is DY, (xo)v = 0 and DYg(xg)v # 0. This is a conditional theory-level separation
from an H4 DynaMiCS-style short-probe information class. It does not assert that every empirical H4 representation
satisfies the antecedent; the Transformer study instead tests whether the fixed H8 observation produces reproducible
decision-relevant refinement in the declared frontier-ambiguity regime.

4 Productive revelation technology

Having identified what a useful refinement must reveal, we next ask how that information is acquired and what state the
experiment leaves behind. A trial protocol u of depth / produces an observation Y,, 5, and the refined information

gu,h =V O'(Yu,h). “.1)



A Coarse Alias B Same Future-Learning Probe C Decision Split

C(x1) =C(x2)

Y

X1 Response Yy, (x1) = KEegp Optimal

Y

Y

Response Yy, (x2) X1 Optimal

Revelation has decision value only when a currently
aliased distinction is separated across the action boundary.

Figure 1. Decision-relative revelation. A coarse information cell can contain learning states that require different terminal actions.
Deeper future-learning responses are useful only when they separate that decision quotient; full hidden-state reconstruction is
unnecessary.

We distinguish two execution technologies.

Restart / temporary probing. The tested path is discarded. After a decision is made, the selected action starts freshly
from the original anchor.

Promotion / productive revelation. The selected tested path is retained and continued from its trial endpoint. The
probe is therefore simultaneously an information acquisition and a partially executed candidate action.

The distinction matters because pure information refinement and technology expansion are different objects.
Promotion is not “free compute™: it is credit for work that remains valid on the selected deployment path. Conversely,
when a probe is unsafe, destructive, or otherwise unusable for deployment, restart is the correct technology and the
identity below does not apply.

4.1 Exact equal-budget identity

Suppose there are m > 2 candidate actions and a common terminal horizon H, with admissible probe depths ¢, & € [0, H].
A temporary/restart method that probes every action to depth ¢ and then executes the selected action freshly to H spends

Kp(c) =mc+H. 4.2)
A probe-and-promote method that probes every action to depth / and then continues the selected tested path spends
Kar(h) =mh+ (H-h)=H+ (m — 1)h. 4.3)

Proposition 4.1 (Productive revelation equal-budget identity). If Kr(c) = Kar(h), then

c. “4.4)

For two actions, h = 2c.

Because i1 < H, an equal-budget productive match within the declared horizon is feasible only when ¢ < (m —1)H /m;
this condition is satisfied by the H4/H8/H12 comparison below.
For the prespecified Transformer comparison, m = 2, H = 12, and both methods receive 20 policy-visible updates:

Kp(4)=2(4)+12=20,  Kar(8) = 12 +8 = 20. 4.5)

Thus an H4 temporary probe and an H8 productive probe are compute-matched under this contract.



Equal-Budget Compute Geometry 20 policy-visible updates per policy

Restart frontier KEeEp probe H4 X1 probe H4 Fresh selected trajectory to H12 =20
8 probe updates discarded 12 fresh execution updates
16 probe updates; selected H8 prefix is reusable
Productive revelation KeEp probe H8 X1 probe H8 Continue 4 =20
I } } } } i
Updates
0 4 8 12 16 20

Figure 2. Equal-budget compute geometry for the two-action H12 comparison. Restart probing discards both H4 trials and executes
the selected action freshly; productive revelation probes both actions to H8 and retains the selected tested prefix. Both consume 20
policy-visible updates, but promotion buys twice the revelation depth in the two-action case.

4.2 End-to-end value decomposition

For any fixed active policy m4 and frontier policy 7r, let Vg denote common-restart evaluation and Vp productive
evaluation of the active policy. Adding and subtracting Vg(74) gives the exact identity

Ve(ma) = Vr(nwp) = VR(ma) = VR(np) +Vp(ma) — VR(7ma) . (4.6)

Arestart Apalh

The first term measures policy quality on common restart outcomes; the second measures productive reuse of the tested
path. This identity is especially useful empirically because the two components can be estimated on independent panels
without mixing absolute outcomes from unrelated future banks.

S Adaptive revelation control: the dynamic closure

The preceding sections treat Z C & as a fixed information refinement. Once future-learning depth can be chosen, the
information state itself becomes a control variable. This section shows that the dynamic problem is not a separate
objective: it is the conditional version of the same Bayes refinement value in Equation (2.2). The generic “continue
if expected decision improvement exceeds cost” principle is classical metareasoning [13, 36]; the learning-state
specialization here supplies the revelation filtration, productive cost geometry, and revealability state.

Let {#,} be the legal revelation filtration, nested in probe depth /4, and define the Bayes commit value

Cn =maxE[Q, | Fu]. 6.1
aeA
For i’ > h, define the oracle conditional value of purchasing the deeper refinement
Gh—w =E[Cw | Fi] = Ch. (5.2)

Proposition 5.1 (Static-to-dynamic embedding). For every nested pair Fy, S Fpy,

[E[Ghw] = V5(Fi) = Vs(Fn) = 1(Fw | Fn).| (5.3)

Thus the static Bayes refinement value is the population average of the state-dependent continuation value used by
adaptive revelation.

For fixed shallow and deep decision policies n, and 7, define the legal-information policy-level gain

Ghow =E[Qry — Oy | Fn] - (5:4)



When the policies are Bayes optimal for their legal information, this coincides with Equation (5.2). With m candidate
actions and productive promotion, extending every candidate from / to 4’ costs only

AK(h /') = (m = D)(I — h) (5.5)

additional policy-visible updates. At update price A, write cp—p = A(m — 1) (K" — h).

Proposition 5.2 (Conditional revelation stopping). Relative to stopping at depth h, the pointwise optimal one-step
continuation decision for a fixed policy pair is

‘continue toh & Gu_pw > Chon. ‘ (5.6)

For Bayes policies, the same rule uses Gn—py. A population ambiguity quantile is therefore not, in general, a cost-optimal
stopping boundary.

Theorem 5.3 (Cost-adjusted scalar-control factorization). Let S;, be any declared scalar summary measurable with
respect to Fy,, and let
Thon = Ghow — Chow (5.7

be the conditional net gain from continuing rather than stopping. Relative to always stopping, define the one-step
meta-control values

Vmeta(gh) = E[(Fh—»h’)+]a (5.8
Vmeta(Sh) = E[(E[Fh—m/ | Sh])+] . (5.9)

If
a(Sp) =E[(Thon)+ | Sals b(Sn) = E[(-Th-n)+ | Sul, (5.10)

then the exact value of retaining the full legal shallow information rather than only Sy, is

| Vineta(F) = Vineta(S1) = E[min{a(Su), b(Sn)}. | (5.11)

Consequently,
Vmela(gh) = Vmeta(Sh) (5.12)

if and only if, conditional on Sy, the legal shallow states do not place positive probability on both ', > 0 and
Thon < 0on any set of positive probability. Equivalently, there exists an optimal STor/CONTINUE meta-action that
factorizes through Sy, ties at zero are value-neutral.

Theorem 5.3 sharpens the distinction between predictive and decision nonredundancy. A second shallow coordinate
may change the numerical continuation value while remaining irrelevant to the optimal meta-action if every state within
a scalar fiber stays on the same side of the priced stopping boundary. What makes an additional revealability coordinate
decision-nonredundant is not conditional variation by itself, but cost-adjusted boundary crossing within a scalar fiber.

Proposition 5.4 (Finite-depth Bellman closure). Let hg < - -- < hy be admissible revelation depths and let c; be the
priced marginal cost of moving from h; to hj.y. If deeper revelation can be purchased sequentially, then

VP =, (5.13)

Ve = max Gy, BV | %] - ¢ (5.14)

Thus static information refinement becomes an optimal-stopping control problem over the revelation filtration. In a
general fork—probe—promote system the state must also retain promoted-state information needed to make the transition
Markov.

5.1 Margin and revealability: value variation versus decision nonredundancy

For binary actions, let
D = Ox: — Okeees mp = E[D | e%'h]~ (5.15)



Suppose the refined Bayes margin admits the conditional location—scale representation
my = my + o2, (5.16)

where Z is independent of &}, symmetric about zero, integrable, and nondegenerate, while o, > 0 is Fj,-measurable.
Define
Y(t) =E[(Z -1)4], 1>0, (5.17)

and define the conditional Bayes value of deeper revelation by
Ri—n :=E[(mp)+ | Fnl = (mp)+. (5.18)

Theorem 5.5 (Two-coordinate revelation geometry). Under Equation (5.16), the conditional Bayes value of deeper
revelation is

Rhon = O'hlﬁ(M) , (5.19)

Oh

with the convention R = 0 when oy, = 0. Wherever differentiable,

IR __ —Pr(Z > M) <0, (5.20)
almhl (]
and aR
— =y((t)+tPr(Z>1) =20, t:M. (5.21)
doy, (o]

Hence, in the nonredundant regime, the cost-optimal continuation boundary is a curve in
(Imnl, on), (5.22)

rather than a universal threshold on current decision margin. The derivative in o, is strict whenever the refinement
retains positive probability mass beyond the current normalized margin. The theorem itself does not require oy, to
remain empirically nonredundant after conditioning on |my,|.

Corollary 5.6 (Conditional value nonredundancy and scalar reduction). Let My, = |my,| and write
r(m,s) =sy(m/s), (5.23)

with the same zero-scale convention as in Theorem 5.5.

(i) Scalar-redundant regime. If o, = g(M},) almost surely on a decision-relevant event E for some measurable g,
then
Riop =1(Mp)  onE, (5.24)

for the scalar function ¥(m) = r(m, g(m)). Hence current margin is sufficient for the one-step oracle continuation
value on E. A single monotone margin threshold requires the additional condition that ¥ be monotone relative to
the fixed compute price.

(ii) Nonredundant regime. If the conditional law of o, given M}, is nondegenerate on a set of positive probability and,
on the corresponding conditional support, s — r(My, s) is strictly increasing, then the conditional law of Rp—p
given My, is also nondegenerate on a set of positive probability. Consequently no measurable function of current
margin alone can reproduce the oracle continuation value there.

Corollary 5.7 (Cost-adjusted revealability crossing criterion). Assume the setting of Theorem 5.5, fix a continuation
price ¢ > 0, and suppose that for almost every m in the decision-relevant region the map s +— r(m, s) is continuous and
strictly increasing on the conditional support of oy, | My, = m. Define the generalized critical revealability

o.(m) =inf{s >0:r(m,s) > c}, (5.25)

with inf @ = +o0.



(i) The scalar-margin decision is sufficient if and only if, for almost every My, either
Pr(r(My,op) <c|Mp)=1 or Pr(r(My,opn)>c| M) =1. (5.26)

Equivalently, conditional on almost every margin value, the priced continuation gain has no mass on both strict
sides of zero. Under the stated continuity and monotonicity conditions, a transparent sufficient support condition
is that oy, | My, = m is contained in [0, o (m)] or in [0 (m), 00); zero-gain ties at the boundary are value-neutral
and may be assigned to either optimal meta-action.

(ii) If there is a set of margin values with positive probability on which
Pr(r(My,op) <c | My) >0 and Pr(r(Mp,op) >c| My) >0, 5.27)
then the scalar-margin controller is strictly suboptimal:
Vineta(Fn) > Vineta(Mp). (5.28)

Under the same monotonicity conditions, Equation (5.27) is implied by positive conditional mass strictly below
and strictly above o.(My). Thus conditional spread in revealability is decision-nonredundant exactly when a
positive-mass scalar fiber contains both the strict Stop side and the strict CONTINUE side of the priced continuation
decision; zero-gain ties at the boundary do not affect value.

Proposition 5.8 (Location—scale identification of revealability scale). Under Equation (5.16),
Ellmp = mp| | Fn] = o E|Z]. (5.29)

If additionally E[Z*] = 1, then
E[(mu —mp)? | Fn| = o (5.30)

At the population level, these identities identify revealability scale up to a fixed normalization from the conditional
spread of the true deeper-margin increment. In applications the Bayes margins themselves may be latent or estimated;
the identities then motivate development-only proxy construction rather than claiming direct identification from noisy
fitted scores.

Definition 5.9 (Legal model-specific revealability proxy). For a model family M, let X ,EM) denote a declared shallow
information map measurable with respect to &j,. A statistic

RM =1 p (X;(IM)) (5.31)

is a legal model-specific revealability proxy when its functional form or fitted parameters are determined without using
the target outcomes and are fixed before target evaluation. The proxy may estimate o, directly, rank the conditional
spread in Proposition 5.8, or enter a predeclared estimator of G,—,/. No equality RELM) = o7, is assumed, and different
model families need not share the same proxy formula, scale, coefficient, or stopping threshold.

Protocol 5.10 (Model-specific Revelation-Control instantiation). For a new learning-system family M, an empirical

instantiation should proceed as follows.

P1. Declare the decision problem. Fix the action menu, terminal utility, legal shallow filtration, admissible revelation
depths, productive-promotion technology, and resource-price ledger before target outcomes are inspected.

P2. Separate development from target evaluation. Collect a development panel with the shallow and deeper potential
outcomes needed to estimate continuation value. Keep the target panel disjoint at the exact-anchor level.

P3. Instantiate the observable continuation state. Fit either G, directly from legal shallow information or a legal
proxy R;lM ) motivated by Proposition 5.8. Always retain a declared scalar comparator.

P4. Control representation selection. Choose a minimal learnable shallow summary using development data only.
If a finite set of architectures remains eligible, predeclare that family and use simultaneous or familywise-valid
inference on the target panel rather than selecting an unadjusted winner after target evaluation.

P5. Fix the controller before evaluation. Fix the fitted estimator, stop/continue threshold, tie and fallback rules,
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Figure 3. Schematic margin-revealability geometry implied by Theorem 5.5. At fixed compute price, larger current decision margins
require greater state-dependent revealability to justify deeper future learning. The paired points illustrate the nonredundant case in
which two states with the same current margin can fall on opposite sides of the stopping boundary because their revealability differs.
The curve o, = g(|mp]) illustrates the stronger value-redundant special case in which continuation value itself reduces to a scalar
function. More generally, scalar decision sufficiency requires only that the accessible states at a fixed margin remain on one side of
the priced boundary; residual revealability variation is allowed. The boundary is theoretical and schematic, not an empirical fit.

productive compute accounting, risk target, resampling unit, and inferential criteria before evaluating target
outcomes.

P6. Evaluate once and separate claims. Evaluate the fixed family on the disjoint target panel. Report decision
value, compute-accounted utility, and decision-instability risk as distinct objects; a bounded-risk claim becomes an
expected-utility certificate only under an explicit severity or tail bridge.

The protocol transports the theoretical structure, not the numerical proxy, coefficient, or threshold of an earlier model
family.

Cross-model transport is structural, not parametric. The theorem-level transport target is the Revelation-Control
relation between legal shallow information, continuation value, productive cost, and the stopping decision. A second
model family need not reproduce the same empirical proxy used in the first. To claim a decision-nonredundant
revealability regime, a legal proxy specified independently of target outcomes must add held-out control value beyond a
scalar-margin comparator, or otherwise establish cost-adjusted boundary crossing as in Corollary 5.7. If the model fit on
development data and fixed before target evaluation instead admits a successful scalar continuation rule and no legal
second coordinate shows incremental control value, that outcome is consistent with scalar decision sufficiency under
Theorem 5.3, without requiring the stronger assertion that revealability is functionally determined by margin. In either
regime, target evaluation must use the same declared terminal utility and compute ledger, and the proxy must not be
selected from target outcomes.

The theorem explains why current confidence and value of further revelation need not induce the same ordering in the
nonredundant regime. A state can look locally decisive yet remain highly revealable under future training; conversely, a
state near the current decision boundary can have little continuation value if its future response is stable. Corollary 5.6
characterizes value-level redundancy, while Theorem 5.3 and Corollary 5.7 give the sharper decision-level statement:
scalar utility-aware control can remain optimal even with residual revealability variation, provided no positive-mass
scalar fiber crosses the priced STop/CoNTINUE boundary.
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6 From oracle revelation to learnable and certifiable control

A refinement can improve oracle Bayes value and still be a poor learned representation at finite sample size. To make this
distinction explicit, fix a candidate acquisition scheme s with refined information & and promotion technology Py. Let

AT =Vp(Gy) = Va(H), (6.1
AT =VE —VE(%), (6.2)

where V7, is the best value available under the refined information and the declared promotion technology. When restart

remains an admissible fallback under that technology, AY'™" > 0; otherwise the ledger remains algebraically valid with

a signed technology term. For a learner class Iy, let R{™ > 0 be the gap between V} and the best policy in IT;, let
R, = 0 be the finite-sample gap between that class optimum and the learned policy, and let Cy > 0 be acquisition cost

in the chosen utility units.

Proposition 6.1 (Finite-sample revelation ledger). With the definitions above, the learned net value satisfies the exact
identity

Wi — V() = AT + A" — R — RS - C. (6.3)

The ledger separates an oracle question from an extraction question. More telemetry can increase Ay" while

increasing effective estimation complexity enough to worsen R§’,,. Development analyses with substantially broader

telemetry exhibited this estimation obstruction, motivating a compact refinement rather than maximizing raw feature
count.

6.1 Minimal learnable refinement
Define the expected finite-sample value

W, (s) = AFY + AYO" — RPP —E[RSY ] - Cs. (6.4)

Let x, () be a learner-relative complexity measure and, for tolerance 7 > 0, let
Sur = {s cW,(s) 2 supP(s’) — T} . (6.5)
S(

When S,  is nonempty and the minimum of «,, is attained on it, a minimal learnable refinement is any

sy o € arg sglsin Kn(S$). (6.6)

Minimality is therefore relative to the learner, sample size, acquisition technology, and tolerance. It need not mean the
fewest raw features or the mathematically coarsest sufficient sigma-field.

6.2 Learned frontier-victory ledger

Let a fixed frontier learner 7z use information # under restart evaluation, and let a fixed active learner 74 use & 2 7.
Define
Rp =Vp(#) — Vr(%F), Ra =Vg(%) = Vr(#ta), (6.7

where Vg is common restart-evaluated value, and let P4 = Vp(#4) — Vr(74) be the productive promotion value of the
active policy.

Corollary 6.2 (Learned frontier victory). Writing Arey = V(&) — V(¥),

‘VP(ﬁA)_VR(ﬁ'F) :Arev+PA+RF_RA~‘ (6.8)

If resources K 5, Kr are priced by A, then net value satisfies
NA—=Np =Aey+Pa+Rrp—Ra+ A" (Krp — Ka). (6.9)

At equal resource cost, a sufficient condition for active victory is Arey + PA > R4 — RF.
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Equation (6.8) separates the two empirical questions studied later: whether deeper future learning reveals decision-
relevant structure, and whether productive reuse converts that structure into superior end-to-end utility.

6.3 Certification boundary for adaptive depth

Finite-sample risk calibration for early stopping is established prior art: selective prediction, Learn-then-Test, Conformal
Risk Control, early-time classification, and risk-controlled early-exit networks provide general mechanisms for calibrating
bounded stopping risks [1, 2, 12, 19, 35, 41]. Productive-prefix reuse exposes a particularly natural structural loss here.
If

Frpop =W, # mp ), (6.10)

then, under the declared same-path promotion technology,
Frow =0 = Qg, =0nx,. (6.11)

Thus shallow/deep decision instability can be calibrated with a bounded Bernoulli loss even when terminal utility gaps
are heavy-tailed. Turning that probability statement into a strict expected-net-utility guarantee additionally requires
control of the stopped-harm tail. Appendix B makes this boundary sharp: for any nonzero stop—flip risk, unrestricted
severity makes the worst-case expected net utility unbounded below even if stop and flip probabilities are known exactly.
Bounded-severity, moment, or integrable-tail assumptions provide sufficient bridges from bounded risk to expected
utility.

7 Related work and novelty boundary

Bayesian decision theory and information value. The monotonic value of information under refinement is classical
in statistical decision theory and comparison of experiments [4, 5, 15]. Expected information from experiments and
Bayesian experimental design provide a complementary tradition in which observations are deliberately acquired under a
utility criterion [6, 26]. Our Bayes-value notation is a specialization of these traditions, not a new notion of information
value or experimental design. The distinctive question is which learning-state distinctions are worth purchasing through
a future training intervention once finite-sample extraction and execution technology are included.

Terminology: revelation in decision analysis and mechanism design. The phrase value of revelation has prior use
in influence-diagram decision analysis: Ezawa [10] defines it from values of evidence and relates it to value of control.
We therefore do not claim that phrase as new; our conditional quantity in Equation (5.2) is a continuation value for an
intervention-generated refinement that can also change the controlled system and create reusable progress. The word
“revelation” also has a different established meaning in mechanism design, where the revelation principle concerns
truthful direct mechanisms under private information [31]. Revelation Control does not assume strategic reporting or
incentive compatibility. Its object is controlled acquisition of decision-relevant state through system response.

Partial observability, active sensing, and dual control. POMDPs represent decisions under partial observability
through belief states [21]; dual control emphasizes that an action can simultaneously control a system and reveal
uncertainty [11]; and active-sensing work studies task-directed information acquisition [39]. Revelation Control belongs
to this broad family but does not replace it. Our narrower object is an internal learning execution state, the intervention
is future training, and the formal target is decision factorization through a declared legal information sigma-field. The
promotion term further distinguishes information gained by a trial from useful state change left by that trial.

Predictive state and decision-focused representations. Predictive State Representations encode state through
action-conditional predictions of future observations [27]. The companion work is related in spirit because future
responses reveal hidden learning-state distinctions, but the present paper does not propose a general predictive state
representation. It asks only for the quotient needed to choose among a fixed action menu. This has conceptual kinship
with state abstraction, where representations are judged by whether they retain distinctions needed for planning or
learning [24]. Recent work on decision-relevant concept selection makes this connection explicit by requiring states that
share a selected concept representation to preserve the optimal decision structure [34]. Decision-focused learning and
predict-then-optimize methods likewise emphasize that predictive quality should be judged by downstream decision loss
[8, 9, 29]; our finite-sample ledger adds an intervention/acquisition dimension in which the representation itself must be
actively produced.
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Function-equivalent states and self-intervention. Recent work on path-conditioned training makes especially clear
that ReLU parameterizations implementing the same function can nevertheless induce different subsequent training
dynamics [23]. This is closely aligned with the motivating non-sufficiency phenomenon, but it studies rescaling and
conditioning rather than decision-relative future-learning experiments. Self-Interventional Learning perturbs a network’s
own functional organization, learns a predictive self-model from intervention consequences, and uses that model for
later structural action [38]. Revelation Control instead treats the learner as the controlled object of an external decision
problem, asks which future-training responses refine a declared action quotient, and accounts separately for information
and reusable tested computation.

Partial training, early stopping, and resource allocation. Freeze-Thaw Bayesian optimization uses partial learning
curves to pause and resume candidate models [37]; learning-curve extrapolation uses early trajectory segments to
predict eventual performance and stop unpromising runs [7]; and non-stochastic best-arm allocation formalizes the use
of intermediate learning performance to concentrate resources on promising configurations [18]. Hyperband extends
this resource-allocation perspective at scale [25], while Population Based Training jointly adapts model populations
and hyperparameters while reusing live trajectories [17]. These works establish strong precedents for partial training,
continuation, early termination, promotion, and resource allocation. Our novelty therefore does not rest on any of those
operations individually.

DynaMiCS and local prospective probes. Within the declared fine-tuning-probe problem class, DynaMiCS is the
closest direct comparator because it explicitly performs short domain-specific fine-tuning probes to estimate local
cross-domain slopes before optimizing a constrained data mixture [14]. We therefore concede short prospective training
probes and local finite-difference summaries as prior art. Our theory asks a different question: can a local-probe
information state fail to factorize the terminal decision, and can productive reuse make a deeper decision-relevant
observation available under the same update budget? The prespecified H4 comparator is a strengthened task adaptation
of that acquisition geometry, not a claim that the original DynaMiCS algorithm is globally dominated.

Metareasoning and value of computation. Rational metareasoning asks whether an additional computation is worth
its cost because of the external decision it may change [36]; knowledge-gradient policies similarly choose measurements
by expected increment in terminal value [13]. Recent adaptive-reasoning work operationalizes marginal-gain-versus-cost
allocation through difficulty signals [43], while consequence-aware allocation shows that difficulty and error severity
need not coincide when assigning test-time reasoning budgets [42]. Proposition 5.2 is a Revelation-Control specialization
of value-of-computation reasoning, not a new generic stopping rule. The structural point specific to this paper is that
Equation (5.3) makes the original hidden-learning-state refinement value the state-dependent reward of that control
problem. The distinctive object is hidden learner execution state: the computation is controlled future training, and the
selected experimental path can remain useful training.

Risk-controlled stopping. Reject-option and selective-classification methods trade prediction coverage against
conditional risk [12]. Learn-then-Test and Conformal Risk Control provide finite-sample calibration of bounded risks
for families of predictive rules [1, 2]. These tools have also been applied directly to sequential stopping: early-time
classification can be calibrated for accuracy-gap control [35], risk-controlled neural early exits can use supervised or
consistency losses [19], and recent work controls reasoning risk under a compute budget [41]. We therefore do not
claim to introduce risk-controlled early stopping or early-versus-deep consistency. Our narrower contribution is to
connect these ideas to productive future-training probes of hidden learning state, where deeper computation changes the
learner and reveals a decision quotient.

Value of computation and finite-sample extraction. Our acquisition-cost and learner-regret terms also interact with
finite-sample extraction: richer future telemetry can have higher oracle information value and lower learned value
because estimation error grows. The minimal-learnable-refinement principle therefore treats representation complexity
as part of the decision problem rather than assuming that more legal telemetry is automatically better.
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Table 1. Novelty boundary relative to representative neighboring methods. Entries describe the central mechanism emphasized by
each work, not every implementation variant.

Method / theory Partial training Prospective Path reuse Hidden Explicit
training signal learning-state finite-sample
decision aliasing  value ledger

Freeze—Thaw [37] yes learning curves pause/resume no no

Hyperband [25] yes intermediate continuation of no no
performance survivors

PBT [17] yes population yes no no
performance

DynaMiCS [14] yes local no no no
cross-domain
slopes

Risk-controlled early exit  no shallow/deep no no risk control, not

[19, 35] prediction signal utility ledger

Revelation Control (this yes future-learning promotion central target yes

work) response separated from

information value

Novelty claim. The paper therefore does not claim to invent future probing, promotion, Bayes value, value of
computation, selective early exit, finite-sample risk calibration, or dynamic control. The strongest claimed contribution
is the coupling

hidden learning-state aliasing + productive future-training experiment .1
+ budget-indexed revelation depth + finite-sample extraction + comparative utility. '

The adaptive-control layer completes this chain by identifying current decision margin and learning-state revealability as
joint control coordinates for purchasing deeper revelation, while also characterizing when revealability is conditionally
redundant and scalar control suffices; the generic metareasoning and risk-calibration tools used around that result are
explicitly treated as prior art.

8 Transformer instantiation

We evaluate Revelation Control in two independently instantiated decoder-only 7B Transformer families: Qwen2.5-7B
[32, 33] and Mistral-7B-v0.3 [20, 30]. Both use LoRA adaptation [16] with AdamW optimizer state [22, 28], while
the Mistral instantiation uses independently prepared task streams, training histories, and development data. The
cross-model target is therefore structural rather than numerical.

In both families, exact anchors are generated from controlled training histories and the binary action menu is

A = {Kekep, X1}, 8.1

where X1 denotes the prespecified matched optimizer-state intervention. The intervention matches the immediate
adaptive field while altering hidden optimizer moments, allowing later common training to reveal a difference that is
absent from the immediate update. Terminal utility is evaluated at H12. The active policy probes both candidate actions
to HS, selects an action using a decision rule fit on development data and fixed before target evaluation, and promotes
the selected tested path to H12. The strengthened short-probe frontier probes to H4, restores the anchor, selects an
action from legal H4 information, and restarts that action to H12.
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8.1 Qwen2.5-7B prespecified active policy
For Qwen2.5-7B, the final fixed-depth active policy is

24-dimensional raw H8 response + Ridge(a = 10) 82)

+zero threshold + same-path promotion.

Ties and nonfinite scores fall back to Keep. The representation and decision rule were selected on development data and
fixed before the two independent finite-library panels and the 432-anchor comparative panel.

Selection status. The method is prespecified, not a proof of global algorithmic optimality. Development-only
comparisons evaluated H2, H4, H6, and H8; H8 was selected before target evaluation, while substantially broader
telemetry increased effective estimation burden without a reliable compensating gain.

8.2 Independent Mistral-7B-v(.3 instantiation

For Mistral-7B-v0.3, the same H4/H8/H12 decision geometry, action menu, terminal utility, productive-promotion
technology, and 20-update accounting are retained, while numerical heads and adaptive summaries are instantiated from
Mistral-specific development data. The theory does not require Qwen’s empirical revealability proxy, coefficients, or
stopping threshold to transfer numerically. A separate 336-anchor development panel supplies the Mistral parameters,
and an independent 480-anchor two-bank panel supplies target evaluation. The adaptive analysis is restricted to the
scalar and two-coordinate continuation architectures already defined in the Qwen analysis, with Mistral parameters fit
only on the development panel. The transported object is the Revelation-Control structure, not one fitted coordinate
system. Statistical units, lower bounds, multiplicity control, and bank aggregation are specified in Appendix E.

9 Fixed-depth revelation beyond current-information comparators

Before turning to the independent model-family replication, we first establish that the selected HS future-response
representation carries decision value beyond a broad declared current-information library in Qwen2.5-7B. The same
prespecified 24-dimensional H8 raw-response Ridge policy (@ = 10) is evaluated on two independent panels, each
containing 336 exact anchors with exact position balance and an analysis fixed before target evaluation. The comparator
library contains 22 legal current-information components: the two fixed actions plus five prespecified decision heads
within each of four current-information feature families (position, order, anchor, and HO), as displayed in Figure 4. The
two panels are analyzed independently rather than pooled.

Table 2. Independent Qwen2.5-7B validation against the 22-component current-information library. Each entry is the worst
component across the declared comparator set; positive lower bounds are required simultaneously.

Quantity Independent panel A (336) Independent panel B (336)
Minimum point margin 1.2136812x 1074 1.4878650x 1074
Minimum Student-¢ LCB 6.9363323x 1073 9.4261533x 1073
Minimum bootstrap LCB 7.0252125x 1073 9.5137645x1073
Minimum max-t LCB 4.4947532x1073 6.9209070x 107>
Comparators satisfying criterion 22/22 22/22

Every componentwise comparison remains positive in both panels for both point margins and simultaneous max-¢
lower bounds; Figure 4 shows all 22 comparisons on a common scale.
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Figure 4. Two independent Qwen2.5-7B panels across all 22 current-information comparators. Open squares mark simultaneous
max-t 95% lower confidence bounds and filled circles mark realized point margins. Every lower-bound endpoint remains strictly
positive; the two panels are not pooled.

Productive-path value is also independently positive. Panel A gives

zlgg; =8.99131091346 x 1075, ©.1)
with one-sided Student-# and bootstrap lower bounds 4.22948353683 x 107> and 4.41065688619 x 107>, Panel B
independently gives

z}gg;} = 1.47763681856726 x 1074, ©.2)

with corresponding lower bounds 1.01800375097654 x 10~ and 1.03042544792948 x 10~*. These path values are
later combined one panel at a time with the separate 432-anchor common-restart comparison through Equation (4.6).
The empirical claim in this section remains limited to the declared comparator library and the stated same-path execution
technology.

10 Frontier comparison: DynaMiCS-style probing

DynaMiCS performs short domain-specific fine-tuning probes to estimate a slope matrix of local cross-domain effects
and then optimizes mixture weights under performance constraints [14]. That makes it direct contemporary prior art
for using future training itself as a prospective diagnostic. Our comparator is therefore not presented as the original
DynaMiCS algorithm verbatim; it is a strengthened, task-adapted DynaMiCS-style frontier that preserves the relevant
short-probe/local-slope/restart geometry while using a calibrated binary decision head tailored to the present terminal
action problem.

Why strengthen the comparator? The source algorithm solves a constrained mixture-selection problem, whereas our
terminal decision is binary. A literal transplant therefore requires an additional mapping from local slope information
to the present action gap. If that mapping were deliberately weak, a positive frontier result could reflect head
misspecification rather than a limitation of short-probe information. We instead retain the source method’s short-probe
acquisition structure—same anchor, temporary short probes, local finite-difference summaries, restore/restart—but
give the frontier a decision head fit only on development data for the declared H12 action gap. This strengthens the
competing decision rule without granting deeper or otherwise illegal information.
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For Qwen?2.5-7B, the legal H4 feature vector is

— 0 0 0 4 4 4 4 4 4
iF = (L ’ LB’ LC’ SKEEP,A’ SKEEP,B’ SKEEP,C’ SXI,A’ SXI,B’ SXI,C)’ (101)

where

La(05%) — La(60)
st = e 7 CASOE (10.2)

The Qwen decision head is fixed as StandardScaler + Ridge(a = 0.1) with zero threshold and no test refit. Mistral-
7B-v0.3 uses the same legal short-probe information class and restart technology with a model-specific numerical head
fit on development data and fixed before target evaluation.

10.1 Equalized compute contract

Both methods receive exactly 20 policy-visible training updates:

Resource Productive revelation DynaMiCS-style restart
Probe updates 16 8
Fresh/promoted continuation 4 12

Total policy-visible updates 20 20
Discarded exploratory updates 8 8

Reused selected-probe updates 8 0

Terminal horizon HI12 H12

Terminal utility identical identical

Restore/save overhead is not charged against the comparator in the primary analysis, making the update accounting
conservative for the productive-revelation method.

Theory-level comparison. Corollary 3.5 gives a conditional separation from an H4 short-probe information class: if
a decision-changing direction is invisible through H4 yet revealed by HS, then the deeper refinement can have strictly
larger Bayes value at the same update budget because productive work is reusable. The empirical sections below test the
corresponding structural refinement and end-to-end utility consequences in both model families.

11 Structural decision refinement in the H4 frontier-ambiguity regime

The 432-anchor comparative panel is disjoint from development and from the two finite-library replication panels.
Before terminal outcomes, the H4 frontier score defined the fixed ambiguity event

A ={|fF| < 1r}, 7r = 0.00052099142651661841. (11.1)
The event contains 226/432 anchors, or 52.315% of the panel. Let
D, = Ur.(X1) — Ur, (KeEp), re{l,2}, (11.2)

and let /ar be the fixed HS active decision. The two terminal banks are independent conditional replicates and expose
both potential actions for every anchor.

11.1 Independent-bank refinement estimator

To test whether the H8 observation refines the coarse ambiguity cell in a decision-relevant way without reusing terminal
outcomes for both choice and evaluation, bank 7 chooses the best coarse constant action inside A,

¢l = 1{D; 4 > 0}, (11.3)
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and the independent bank 75 evaluates the fixed H8 decisions relative to that coarse action:

—~ 1 -
Ai—a(A) = 10 D Darllawi = E1). (11.4)
i€A

The reverse direction Zz_>1 (A) is defined symmetrically, and the primary symmetric estimator is their average. In each
exact-anchor bootstrap draw, the coarse action is reselected inside the resample before evaluation.
The two directions agree closely:

A1_n(A) = 1.92863119513 x 1074, LCB, = 5.01319646865 x 107>, (11.5)
qul(A) =1.93079378050 x 1074, LCB, = 1.03136801205 x 107*. (11.6)

Their symmetric average is

Arefine(A) = 1.92971248782 x 1074, 1.7

with one-sided 95% Student-¢ lower bound 1.09966903938 x 10~4 and 50,000-draw exact-anchor bootstrap lower bound
6.49311403490 x 107>, Weighting by the fixed ambiguity mass gives a full-panel contribution 1.00952551446 x 1074,
with ¢ lower bound 5.69892792476 x 10~ and bootstrap lower bound 3.39715294723 x 1077,

11.2 Opposite-action sign replication

The mechanism is visible independently in both terminal banks. Table 3 reports the terminal action gap conditional on
the fixed H8 action within A.

Table 3. Independent-bank structural sign replication inside the fixed H4 frontier-ambiguity event. Bounds are one-sided 95%
Student-¢ bounds.

Bank Xi-selected mean LCB KEeepr-selected mean UCB
T 2.9246 x 107*  6.5097 x 107> —4.1166 x 107* —2.2471 x 10~*
T 3.6323x 107*  9.5547 x 1075 —2.83890x 107* —-8.2269 x 107

Thus the H8 observation does not merely predict a continuous outcome more accurately: within a materially
populated H4 frontier-ambiguity regime it reproducibly separates groups of states whose mean independent terminal
outcomes favor opposite actions. Treating the ambiguity event as the coarse cell and the fixed H8 partition as the
refinement gives a sample Bayes gap of 1.63115121441 x 10~* using the mean of Ty, T>, with bootstrap lower bound
6.04584733171 x 107>. The same cell-refinement Bayes gap has a positive bootstrap lower bound in each terminal
bank separately.

Secondary H4-versus-H8 diagnostic. A cross-bank diagnostic that preserves outcome separation compares the fixed
nine-feature H4 Ridge representation with the fixed 24-feature H8 representation for terminal-gap prediction. Inside A,
the HS representation improves cross-bank mean squared error by 1.24677 x 10~7, with positive ¢ and bootstrap lower
bounds. The corresponding learned-policy value difference has a confidence interval crossing zero, reflecting that the
strengthened H4 frontier action is already a strong selector. We therefore interpret the main result as decision-relevant
HS refinement inside the declared H4 frontier-ambiguity regime, not as unrestricted dominance over every measurable
function of complete H4 information.

11.3 Independent Mistral aliasing and deeper-revelation value

The independent Mistral target panel contains 480 exact anchors with two terminal banks. Its H4 ambiguity threshold,
T}}’I = 0.00236920914414, was determined from the separate development panel. Using Bank A’s H4 score to define
the ambiguity cell yields 216/480 anchors; among them, 88 favor X1 in both terminal banks and 58 favor Keep in
both. Defining the cell with Bank B gives 210/480 anchors, with 83 stable-X1 and 58 stable-Keep anchors. Thus the
same coarse shallow-information regime contains materially populated hidden-state subsets requiring opposite terminal
actions.
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More directly, the fixed H8 action has strictly positive terminal decision value relative to the fixed H4 action on the
complete two-bank target panel. The exact-anchor mean is

AMe 14 = 2.25089539402 x 1074, (11.8)

with one-sided 95% Student-t lower bound 1.56391515827 x 10~% and 50,000-draw bootstrap lower bound
1.58226436880 x 1074, H4 and HS actions differ on 100/480 exact anchors in at least one bank. Mistral therefore
independently reproduces the core implication of decision-revelation depth: legal deeper future-learning information
changes action choice on nontrivial mass and has strictly positive terminal decision value.

A stronger Qwen diagnostic in which the H8-selected partition itself must produce opposite-sign subgroup bounds in
both directions is not promoted as a cross-model invariant. The theorem requires decision-relevant refinement, not
numerical identity of every diagnostic partition.

12 Productive revelation and equal-compute frontier performance

We next ask whether additional revelation can be converted into higher end-to-end utility than the strengthened
DynaMiCS-style H4 restart frontier under the common 20-update contract. Equation (4.6) gives the exact decomposition

_ AAR-—FRONTIER AR
A = AARSE + AR (12.1)

This separates what is gained by choosing better from what is gained because the selected deeper probe remains useful
computation.

12.1 Qwen equal-compute closure

The 432-anchor Qwen panel estimates the common-restart selector component using the mean of two independent
terminal banks: R
AAR-FRONTIER _ _3 98358746688 x 1077, (12.2)

restart

with standard deviation 4.67246 x 10™*. The point estimate is therefore near zero; this is descriptive rather than an
equivalence claim. Strict end-to-end advantage is supplied by productive reuse of the tested H8 path.
Combining the independent common-restart estimate separately with the two productive-path panels gives

Al = 8.95147503879 x 1077, LCBy.o5 = 2.92463884692 x 107° > 0, (12.3)
AL) = 1.47365323110 x 1074, LCBo.os = 8.83939050151 x 107 > 0. (12.4)

The productive-path values themselves are 8.9913 x 107> and 1.4776 x 1074, respectively, with positive one-sided ¢
and bootstrap lower bounds in both panels.

12.2 Independent Mistral equal-compute replication

The same decomposition is evaluated on the independent Mistral target panel under the identical 20-update visible-
compute contract. The common-restart selector component is

AM = —1.191350097 x 107, (12.5)
whereas same-path reuse contributes
z;gm = 3.09392744795 x 1074, (12.6)

with one-sided Student-# and bootstrap lower bounds 1.96017743591 x 10~* and 2.01665987607 x 10~*. The resulting
end-to-end equal-compute advantage is

AM | =2.97479243825 x 1074, (12.7)

with one-sided Student-¢ lower bound 2.00162462592 x 10~* and bootstrap lower bound 2.04870462705 x 1074,
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Table 4. Equal-compute productive-revelation evidence across the two Transformer families. The two Qwen rows use independent
productive-path panels and are not pooled.

Model / evidence block Productive path  End-to-end point One-sided 95% LCB
Qwen, independent panel I~ 8.9913 x 1073 8.9515x 1073 2.9246 x 1073
Qwen, independent panel 2 1.4776 x 1074 1.4737 x 107* 8.8394 x 1073
Mistral, independent family ~ 3.0939 x 1074 2.9748 x 1074 2.0016 x 1074

The same decomposition is supported in both families: the restart-only selector difference is not the source of the
main gain, while productive reuse of deeper tested computation creates a strict equal-budget end-to-end advantage. This
cross-family pattern is consistent with the productive-revelation mechanism formalized in Equation (4.6).

13 Adaptive Revelation Control across model families

The dynamic theory predicts a state-dependent stopping decision based on the conditional utility of deeper revelation, not
a universal population ambiguity threshold. The empirical question is therefore whether legal shallow information can
support compute-saving continuation decisions without changing the terminal utility definition or productive compute
ledger. The theory also permits different model families to occupy different conditional revealability regimes.

13.1 Qwen2.5-7B: decision-nonredundant revealability and held-out safe compute
In Qwen2.5-7B, the observable H4 revealability proxy is

Ry = ||(S;‘(I,A - S4KEEP,A’ S?{I,B - SiEEP,B’ S;‘(I,C - S?(EEP,C)“Z . (13.1)

We treat R4 only as a legal model-specific proxy; no equality R4 = 0y is assumed. In a supporting analysis with fitting
and evaluation performed on separate collection blocks under the same safety protocol, the two-coordinate continuation
rule improves paired cost-aware value over the scalar | fz74| rule by 3.2514 x 10~7, with one-sided Student-¢ and bootstrap
lower bounds 4.0357 x 1078 and 3.6127 x 108, and no harmful stops in either held-out direction. This is evidence for
a decision-nonredundant regime at the declared compute price, not a prospective claim that this particular R4 is unique
or universally necessary.

A separate 480-history full-grid study on new exact learning-state anchors prospectively fixed the utility-aware
continuation architecture, H4/HS policies, update price, and 16/20-update compute ledger. With an independent second
future bank on the same anchors, the H8-over-H4 terminal decision value is

E[Qr — Onlas = 1.229 x 1074, LCB; .05 = 8.687 x 107 > 0, LCBpoot0.95 = 8.769 x 107 > 0. (13.2)

The fixed two-coordinate point controller has positive two-bank net point value but its strict one-sided net-value lower
bounds cross zero, illustrating the finite-sample tail sensitivity emphasized by the theory.

The bounded-risk certification layer provides a complementary held-out safe-compute result. In a theory-constrained
calibration/held-out evaluation, one bank is used for calibration and the other for evaluation. The resulting calibrated
rule stops on 4/480 histories, produces no H4/H8 action changes and no harmful stops, has a 95% Bernoulli-KL upper
joint-risk bound of 0.6222% < 2%, and saves 0.1667% of visible updates. Its realized panel-level update-priced net
value is

@Cert =2.800x 1077, LCBy; 095 = 5.161 x 1078 > 0, LCBypoot,0.95 = 7.225 X 107% > 0. (13.3)

13.2 Mistral-7B-v0.3: scalar continuation control at the tested resolution

Mistral-7B-v0.3 does not require numerical transfer of Qwen’s R4. A Mistral-specific continuation head is instantiated
using only the separate 336-anchor development panel, while the independent 480-anchor two-bank panel is used for
target evaluation without target-panel refitting. Among the two pre-existing shallow continuation architectures evaluated
as a finite family, the scalar margin-based estimator retains positive adaptive value at the observed resolution.
Relative to always continuing to HS, the scalar utility-aware controller achieves exact-anchor update-priced net value

M
scalar

AV

= 113877630257 x 1075. (13.4)
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Its ordinary one-sided 95% Student-t and 50,000-draw bootstrap lower bounds are 2.37141363069 x 10~® and
5.41900958243 x 107, Because both scalar and two-coordinate continuation architectures existed before the Mistral
target evaluation, we treat them as a two-element finite architecture family. Bonferroni-adjusted familywise 95% lower
bounds for the scalar rule remain positive: 6.37735915928 x 10~ for Student- inference and 5.23837592968 x 10~°
for the exact-anchor bootstrap. Across 960 bank-level realizations it stops 166 times, changes the H8 action once,
and has zero harmful stops under the declared update price. The raw Qwen-style R4 coordinate does not improve
Mistral adaptive value over the scalar controller; exploratory development-only proxy diagnostics are excluded from the
target-panel claim. We therefore interpret Mistral as consistent with scalar decision sufficiency under Theorem 5.3 and
Corollary 5.7, rather than as a failure of the two-coordinate theorem. This empirical conclusion does not assert that oy
is literally a function of margin; it says only that the finite pre-existing architecture family did not require a second
coordinate to improve the priced target-panel stopping decision at the tested resolution.

13.3 Risk-severity separation in Mistral

A separate risk-calibrated Mistral shallow-stop rule provides an empirical illustration of Theorem B.3. It makes 351/960
early stops while the 95% Bernoulli—-KL joint stop/action-change upper bound is 1.5924% < 2% in each bank. Yet the
exact-anchor update-priced net point value is slightly negative,

—M 7
AV, = -3.3428 x 1077, (13.5)

with negative one-sided lower bounds. Only four stopped action changes occur, but the largest absolute continuation
value is 9.811 x 1073, Thus low action-instability probability and positive utility are empirically distinct objects: rare
high-severity misses can dominate many cheap correct stops. This is precisely the risk—severity separation formalized in
Appendix B.

Taken together, the two model families support the same adaptive-control principle while occupying different
shallow-state regimes. Qwen exhibits evidence for a decision-nonredundant revealability coordinate; Mistral admits
a successful scalar continuation rule. What transports is the conditional revelation-value decision, not a universal
empirical coordinate system.

14 Cross-model structural validation

The two model families are not expected to reproduce identical coefficients, thresholds, or empirical revealability
coordinates. The relevant replication object is the sequence of theory-level implications: shallow information can alias
decision-relevant state; deeper revelation can have positive decision value; productive reuse can convert that information
into equal-compute utility; revelation depth can be controlled state by state; and risk control is not equivalent to utility
control when severity is unrestricted.
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Table 5. Theory-level evidence across the two Transformer families. The fixed-depth and equal-compute Mistral results use an
independent target panel; the adaptive row evaluates a pre-existing two-architecture family with familywise-adjusted inference.

Theoretical implication

Qwen2.5-7B evidence

Mistral-7B-v0.3 evidence

Decision-relevant shallow
aliasing

Positive value of deeper

revelation

Productive information-to-utility
closure

Adaptive Revelation Control

Risk—severity boundary

Fixed H4 ambiguity cell contains H8-refined
groups with opposite terminal action gaps in
two independent banks.

H8 beats the declared current-information
library on two independent 336-anchor
panels; the separate 480-history H8-over-H4
value is strictly positive.

Productive path value is positive in two
independent panels and yields strict
20-update end-to-end advantage over the
strengthened restart frontier.

Supporting evidence for incremental decision
value from a nonredundant revealability
coordinate; a held-out bounded-risk
safe-compute evaluation has positive panel
net-value lower bounds.

Positive held-out safe-compute behavior is
explicitly limited to panel-level evidence
without an unrestricted tail guarantee.

Using the H4 threshold fixed from
development data, the bank-A-defined
ambiguity cell contains 216/480 anchors,
including 88 stable-X1 and 58 stable-Keep
anchors whose terminal-gap signs agree
across both banks (descriptive structural
check).

Exact-anchor H8-over-H4 value
2.2509 x 10~* with positive ¢ and bootstrap
lower bounds.

Same-path reuse 3.0939 x 10~ and
equal-compute end-to-end advantage
2.9748 x 107*, both with positive lower
bounds.

Consistent with scalar decision sufficiency at
the tested resolution; a familywise structural
validation of the scalar continuation
architecture, fit only on the separate
development panel, retains positive
Bonferroni-adjusted exact-anchor ¢ and
bootstrap lower bounds within the
two-element pre-existing architecture family.

Sub-2% stop—Aflip risk coexists with
nonpositive risk-controller net value because
a few flips have high severity.

The common pattern is therefore stronger than numerical parameter reuse. In both families, future learning supplies
decision-relevant information, deeper tested paths carry productive value, and the resulting information can improve
compute-accounted utility. The model-specific difference occurs one level lower: Qwen provides evidence of incremental
decision value from an additional shallow revealability coordinate, whereas Mistral is consistent with scalar decision
sufficiency at the observed resolution. Theorem 5.3 shows why these outcomes belong to the same theory: an extra
coordinate is required for control only when states sharing the scalar summary cross the priced Stop/CoNTINUE boundary.
Corollary 5.7 gives the corresponding location—scale criterion, while Definition 5.9 allows model-specific empirical
realizations.

Accordingly, the cross-model conclusion is not that one fitted controller or proxy transfers unchanged. It is that
the Revelation-Control relation between legal shallow information, continuation value, productive cost, and terminal
decision utility survives an independent model-family change. This is the level at which the empirical evidence supports
the general theory’s central testable implications.

15 Potential application domains

The empirical results in this paper concern learning systems, but the decision-theoretic structure is more general.
A Revelation-Control problem can be formulated when five ingredients can be defined: a consequential terminal
action; hidden state not fully resolved by current legal information; a priced intervention that can be executed before
commitment; an observable response that can refine the relevant decision quotient; and a cost ledger that distinguishes
information acquisition from any useful state change left by the intervention. The strongest form of the framework arises
when the experiment is productive: if the tested path is selected, some of the work performed to reveal state is itself
part of the useful continuation. These conditions are substantially narrower than “any sequential decision problem,”
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and the examples below are prospective application domains rather than deployment claims established by the present
experiments.

15.1 Learning and computational systems

Foundation-model adaptation and data-domain allocation. Fine-tuning a large model often requires choosing
among domains, task mixtures, adapters, or continuation depths under a limited compute budget. Two checkpoints can
look similar under current loss or held-out behavior yet respond differently to the same candidate domain update. A
short domain-specific training intervention can therefore serve as a future-learning experiment: its response can refine
the decision quotient over which domain or adapter should be promoted, while the selected probe trajectory can remain
useful training. This differs from using a learning curve only to forecast final loss; the target is whether newly revealed
learning state changes a downstream adaptation decision. The DynaMiCS-style comparison studied here is one concrete
instance of this broader allocation problem [14].

Continual learning, curriculum control, rehearsal allocation, and AutoML. In continual or curriculum learning,
present task performance need not reveal how much plasticity, interference, or recoverability remains for the next phase.
A bounded amount of rehearsal or target-task training can be treated as an experiment on that hidden state before the
curriculum decision is fixed. The same principle applies to hyperparameter and configuration search: partial-training
methods already pause, terminate, or promote candidate runs from intermediate performance [7, 17, 25, 37], but
Revelation Control asks whether additional computation should be purchased because its response is expected to change
the decision. A run with a mediocre current metric can justify continuation when deeper revelation has positive decision
value, while a promising-looking run can be stopped when additional information is unlikely to alter the selected action.
For long-horizon or lifelong learning, an important extension is to identify a minimal revelation state that remains
dynamically sufficient across successive stages; if such a state satisfies multi-stage Markov closure, Revelation Control
could be composed recursively rather than applied only as a one-step continuation rule. Productive promotion further
distinguishes useful exploratory work from discarded evaluation cost.

Intervention-aware data acquisition. The intervention can also be a training batch, synthetic-data block, augmentation
regime, rehearsal set, or other legal update whose response is observable before a larger commitment is made. Classical
Bayesian experimental design and active sensing choose observations by expected decision value [6, 26, 39]. In a
learning system, the experiment can instead be an update to the learner itself. Development-only future responses can
be used to estimate a model-specific revealability coordinate or continuation state and to determine whether current
information is already decision-sufficient. This suggests a route to choosing not merely which data are informative, but
which data reveal something about the learner’s future response that changes the action menu.

Adaptive computation beyond training. The depth variable need not literally count gradient updates. In an iterative
solver, multi-fidelity simulation, branch-and-bound routine, Monte Carlo computation, or other staged numerical
procedure, a coarse computation may be insufficient to choose a downstream action while additional computation both
reveals information and accumulates reusable work. If the current approximation, the refinement response, and the
terminal decision can be placed in a common utility ledger, revelation depth becomes computation depth. The same
continuation principle then asks whether another refinement level is worth purchasing because of the decision it may
change, connecting Revelation Control to value-of-computation ideas [13, 36] while retaining the productive-reuse term.

15.2 Beyond machine learning: productive experiments in sequential decisions

Control, system identification, and robotics. A physical system can occupy internal states with nearly identical
current outputs but different future responses and therefore different optimal controls. Examples include uncertain
friction, payload, contact mode, actuator health, or local dynamics. Dual control already formalizes the fact that an action
can simultaneously control a system and reveal uncertainty [11], while POMDP and active-sensing formulations treat
task-directed information acquisition under partial observability [21, 39]. Revelation Control suggests a decision-relative
refinement of this idea when a short controlled motion or excitation can be priced, its response can reveal which control
action is appropriate, and the selected probing trajectory can be retained rather than discarded. The theory does not
require complete system identification: only the hidden distinctions that change the terminal action need to be resolved.
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Industrial process control, diagnostics, and maintenance. Machines or production processes can present similar
current telemetry while differing in latent wear, loading, material state, or failure proximity. A short controlled operating
segment, calibration cycle, or diagnostic excitation can reveal whether the correct action is to continue production,
derate, switch operating mode, inspect, or maintain. Such settings are especially close to productive revelation when
the diagnostic segment also performs useful work. The relevant accounting must, however, include downtime, safety
margin, irreversible wear, and state-restoration cost; if probing itself damages the system or changes the target regime,
the promotion geometry used in the present experiments no longer applies without modification.

Scientific experimentation and automated laboratories. In materials, chemistry, biology, and other experimental
sciences, an early observation may leave several latent mechanisms compatible with the data even though those
mechanisms imply different next experiments or operating decisions. Bayesian experimental design already provides a
mature decision-theoretic language for choosing informative experiments [6, 26]. Revelation Control is potentially
relevant when an experiment can be staged: an initial intervention is run only far enough to determine whether deeper
measurement or continuation is decision-relevant, and the partial trajectory can be retained if that branch is selected.
Automated laboratories, adaptive measurement pipelines, and multi-stage physical experiments are natural settings
in which “how much experiment to purchase” may be as important as “which experiment to run.” Establishing this
connection rigorously would require domain-specific transition models, measurement error, and experimental-cost
accounting beyond the present paper.

Operations, resource allocation, and pilot-to-scale decisions. Many operational decisions involve latent regimes
that cannot be resolved from passive current data alone. A limited allocation, pilot deployment, test market, routing
perturbation, or operating-policy trial can reveal response heterogeneity before a larger commitment is made. The
Revelation-Control abstraction is appropriate when the pilot has a well-defined terminal decision, its response can be
evaluated before scale-up, and at least part of the pilot’s value or infrastructure is reusable if promoted. The central
distinction is between learning about the world and learning enough to choose the action: a pilot need not identify the
full latent regime if it already resolves the relevant decision quotient. Strategic behavior, interference, nonstationarity,
and general-equilibrium effects can break the simple controlled-probe assumptions and would have to be modeled
explicitly.

High-stakes human decision systems. The mathematical pattern also appears, at least abstractly, in adaptive treatment,
public-policy pilots, and personalized education: two individuals or populations with similar current observables can
respond differently to a small intervention, and the response can change the preferred next action. These domains are
intentionally placed at the outer boundary of the present paper’s application claims. A valid extension would require
causal identification, ethical constraints, uncertainty about intervention harm, fairness considerations, and stronger
safety guarantees than the bounded-risk analysis developed here. In medicine or policy especially, “productive probing”
cannot be assumed merely because an intervention also has intended benefit; the value ledger must price adverse effects
and irreversibility, and experimentation may be impermissible even when its statistical information value is high. The
present work therefore supplies only a possible decision-theoretic template, not a deployment prescription.

15.3 A domain-level applicability test

The most useful transfer question is not whether a new field resembles model fine-tuning superficially, but whether its
decision structure matches the theory. For a new system, one should first declare the legal current information, the
terminal action menu, terminal utility, admissible probe interventions, and all costs or safety penalties. Development-only
probe responses can then be used to estimate the conditional continuation value and to test whether the current scalar
summary is already decision-sufficient. If scalar fibers cross the priced Stop/ConTINUE boundary, additional revealability
information is decision-nonredundant and a richer controller is required; if they do not, a simpler controller can be
sufficient even when hidden-state variation remains. The resulting architecture and cost ledger should be fixed before
target evaluation. If the probe leaves reusable work, information value and productive reuse must be reported separately;
if it does not, the problem reduces to discard-and-restart information acquisition. This procedure is the general method
that transfers across domains: the decision factorization, continuation-value criterion, and accounting principles are
invariant, whereas observable proxies, dynamics, coefficients, safety constraints, and prices are system-specific.
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16 Limitations

Scope of the empirical systems. The empirical study now spans two independently instantiated 7B decoder-only
Transformer families, but both use LoRA adaptation, AdamW-style optimizer state, the same binary intervention
menu, and the same H4/H8/H12 control geometry. Cross-optimizer, substantially different-scale, non-Transformer, and
materially different-horizon generality remain open.

Comparator scope. The finite-library result does not imply dominance over every measurable current-information
policy. The frontier comparison is against one strengthened DynaMiCS-style short-probe/restart class under a common
policy-visible update budget, not against every possible probing or metareasoning method.

Productive revelation assumptions. Promotion is useful only when tested work remains legally and scientifically
reusable. If a probe corrupts the deployment path, creates irreversible risk, changes the target distribution, or incurs
additional state-1/O or safety cost, restart may be the appropriate technology and the budget identity must be repriced.

Conditional rather than universal revealability dimension. The location—scale theorem is a structural statement
about (|mp|, o), not a claim that every model must exhibit two empirically nonredundant shallow coordinates. The
exact scalar-control factorization theorem further shows that residual variation in o, need not be decision-relevant:
a second coordinate is required only when a positive-mass scalar fiber crosses the priced Stor/CoNTINUE boundary.
Qwen provides evidence for a decision-nonredundant regime, while Mistral is consistent with scalar decision sufficiency
at the observed resolution. The empirical R4 used in Qwen is one legal model-specific proxy, not a universal statistic.

Tail-robust utility certification. Controlling the probability that an early stop changes the deeper action does not
by itself certify positive expected utility when stopped-flip severity is unrestricted. Theorem B.3 shows that this is an
identification boundary rather than merely a power limitation: a population net-utility certificate additionally requires a
predeclared severity, moment, or integrable-tail class. Positive held-out panel-level utility is therefore not a universal
tail-robust guarantee.

Applications beyond learning systems. The mathematical decision structure can be instantiated whenever a priced
controlled intervention reveals decision-relevant hidden state before commitment, but the empirical evidence in this paper
is confined to learning systems. Physical, scientific, operational, medical, policy, and educational settings introduce
domain-specific causality, irreversibility, strategic response, measurement error, safety, fairness, and ethical constraints
that are not resolved here. The broader domains in Section 15 are therefore prospective uses of the framework, not
validated deployments or claims of domain-universal optimality.

Method optimality. The evaluated policies are selected using development data and fixed before target evaluation.
No result establishes global optimality over all representations, learners, stopping rules, probe schedules, intervention
menus, or acquisition policies.

Compute and deployment value. The main normalization counts policy-visible training updates under a common
model and batch construction. Restore/save overhead is not charged against the frontier in the main comparison.
Device-seconds, wall-clock, memory, state-1/O, monetary value, safety value, and live-deployment utility are different
resources and are not collapsed into the primary claim.

Dynamic-state compression. The location—scale result is an exact one-step statement. One-step low-dimensional
decision sufficiency does not imply multi-stage Markov closure. A multi-depth controller can therefore use (my,, o) as
a complete low-dimensional state only under an additional Markov-closure condition for future margin—revealability
dynamics. Characterizing minimal dynamically sufficient revelation states, and the conditions under which they induce
Markov closure across revelation depths, is a natural next theoretical problem.
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17 Conclusion

The companion work established that present behavior can hide distinctions in future learning. The present paper
closes the decision-theoretic step: such distinctions can have action value, can be actively revealed by controlled future
learning, and can become a state-dependent control variable. We call this problem Revelation Control.

The theory identifies the relevant object as a decision quotient rather than the full hidden state. A coarse observation
is sufficient only when the refined optimal action factorizes through it. The fork—probe—promote realization studied here
uses future learning as an experiment on hidden learner state, while productive revelation keeps the selected tested path
as useful computation. The resulting value ledger separates pure information gain from the value of already executed
work. Static Bayes refinement value then closes exactly into a conditional revelation value, yielding an optimal-stopping
rule over revelation depth.

The empirical evidence supports this structure in two independently instantiated Transformer families. In Qwen2.5-7B,
a fixed HS policy strictly beats a declared 22-component current-information library on two independent panels, refines a
fixed H4 ambiguity regime into groups with opposite terminal action value, and obtains strict equal-compute advantage
over a strengthened DynaMiCS-style H4 restart frontier through productive reuse. In Mistral-7B-v0.3, an independent
two-bank panel reproduces positive H8-over-H4 decision value and the same productive equal-compute mechanism
with positive one-sided lower bounds. The cross-model result is therefore not numerical reuse of one fitted policy: it is
replication of the information-to-utility structure predicted by the theory.

Adaptive control exhibits the regime dependence predicted by the theory. Qwen provides evidence that a second
shallow revealability coordinate can matter beyond current margin; a familywise-adjusted Mistral structural validation,
restricted to the finite pre-existing architecture family and fit only on independent development data, supports a successful
scalar continuation rule at the tested resolution. The exact scalar-control factorization result makes the common structure
precise: an additional coordinate is necessary for the stopping decision only when states sharing the scalar summary fall
on both sides of the cost-adjusted continuation boundary. Thus predictive or value variation can remain present without
being decision-nonredundant. A separate Mistral risk-calibrated controller further illustrates the impossibility boundary:
sub-2% decision-instability risk can coexist with nonpositive net utility when a few stopped flips have large severity.

The resulting conclusion is specific but broad in implication. Hidden learning state is not merely predictive structure.
Controlled future learning can reveal distinctions that change decisions; productive reuse can convert revelation into
higher utility at the same visible training-update budget; and the amount of revelation can itself be controlled according
to state-dependent expected value. More generally, Section 15 identifies the same decision pattern in control and system
identification, robotics and industrial diagnostics, scientific experimentation, adaptive computation, and pilot-to-scale
operational decisions, with high-stakes human domains requiring additional causal, ethical, and safety theory. What
must transport across systems is the decision structure and value accounting, not a universal proxy, coefficient, threshold,
or even a fixed empirical state dimension. Revelation Control therefore provides a theory-first framework for deciding
not only what action to take, but how much controlled future interaction it is worth purchasing in order to know.

A Conservative replicate-denoised Bayes-regret bridge

This appendix records an optional stronger certification device. It is not required for the main empirical conclusions in
Sections 11-12. Independently generated future outcomes can be used to separate persistent conditional signal from
one-bank realization noise and to upper-bound coarse-policy Bayes regret under the stated assumptions.

Consider binary actions with terminal gap

D = Oxi — Okeee- (A1)
Let future banks A and B share a pre-bank sigma-field 2" and satisfy
E[Ds | ] =E[Dp | ] =: p. (A2)
The legal coarse information obeys # C 2, and
mgy =E[u| ] (A.3)

provides the coarse-information Bayes score. Let f be any fixed # -measurable score in the same utility units as D, and
let
np=1{f >0} (A4)
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Here and below, action indicator one denotes X1 and zero denotes Kegp.
Define the cross-replicate residual moment

My (f) =E[(Da— f)(Dg - )] (A.5)

Let
cqg =Cov(Da,Dp | ). (A.6)

Conditional independence gives cy = 0; allowing cg > 0 yields the same conservative direction.

Theorem A.1 (Replicate-denoised Bayes-regret bridge). Assume square integrability, a shared conditional mean across
banks, and cq > 0 almost surely. Then

My (f) =E[(u - f)*] +Elca] (A7)
=E[(my — f)*] +E[Var(u | %)] +E[cz], (A.8)

and therefore
VE() = V(ns) < M (f). (A.9)

Consequently, for any policy mg measurable with respect to a refinement & 2 #,

V(rng) = Ve(#) 2 {V(ng) - V(np)} = VM (f). (A.10)

The decomposition shows why the bridge is conservative. Even when f = mg, persistent hidden heterogeneity
contributes the nonnegative floor
Vhia := E[Var(u | Z)]. (A.11)

The bridge is therefore sufficient rather than necessary: not clearing it does not imply that the active value is below the
coarse-information Bayes value.

Corollary A.2 (Conditional bridge). Let A € # with P(A) > 0. Replacing all expectations by expectations conditional
on A gives

V(3 A) —V(np; A) <My (f; A), (A.12)
where
My (f;A) =E[(Da~ f)(Dp~ f) | A]. (A.13)

B Adaptive-depth certification details

This appendix records the structural certification layer used to interpret adaptive revelation depth. The generic
risk-calibration tools are established prior art; the purpose here is to state how they interact with productive-prefix reuse
and terminal decision severity in the present execution technology.

Let S € {0, 1} denote an H4 early-stop decision, let F = 1{m4 # 7z}, and define Y = Q », — Q »,. Each H4 stop saves
compute value ¢ = 44 relative to always-HS.

Proposition B.1 (Productive-prefix decision invariance). Under the declared same-path promotion technology, if F = 0
then' Y = 0. For the binary action menu,

Y=D(1{rs =X1} - {ms = X1}),  |¥| = |D|F. (B.1)

Proposition B.2 (Risk—severity factorization). Let p = Pr(S = 1) andr = Pr(S = 1, F = 1). When r > 0, define the
signed stopped-flip severity ns = E[Y | S = 1, F = 1] and the positive-harm severity ny = E[Y, | S = 1, F = 1], where
Y, = max(Y,0). Whenr =0, set ny = n, = 0 by convention. Then

\ AV(S) =E[S(c - Y)] = cp — rns.

(B.2)

Moreover,
AV(S) = cp — rny. (B.3)
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Theorem B.3 (Risk-only impossibility and the harm-tail boundary). Let E = {S = 1, F = 1} and define the stopped
positive-harm mass
H, :=E[Y.1g] € [0, 00]. (B.4)

Then .
H, = / Pr(E, Y, > t)dr, AV(S) > cp — H,. (B.5)
0

Moreover, fix any 0 < r < p < 1. For every M > 0 there exists a joint law of (S, F,Y) satisfying productive-prefix
decision invariance, with Pr(S = 1) = p, Pr(E) = r, and finite E[Y.], such that

AV(S) < M. (B.6)

Hence, whenever nonzero stop—flip risk is permitted, exact knowledge of (p,r) alone gives no finite distribution-robust
lower bound on expected net utility over a class with unrestricted stopped-flip severity. Any positive expected-utility
certificate must additionally control H,, or a sufficient severity/tail surrogate for it.

Corollary B.4 (Minimal sufficient harm-tail bridges). The positive-harm component left uncontrolled by stop—flip
risk is summarized by the integrated stopped-harm tail H, in Equation (B.4). The following declared conditions are
sufficient ways to control it for a lower utility certificate.
If Y, < B, almost surely, then
AV(S) = cp — B,r. (B.7)

Ifinstead q > 1 and E[|D|9] < M,,, then Holder’s inequality gives
AV(S) = cp - My/4ri-1a, (B.8)
More generally, if an integrable envelope u : [0, ) — [0, 00) satisfies
Pr(E, Y, >1) <u(t) forallt >0, (B.9)

then -
AV(S) = cp - / u(t) de. (B.10)
0

Thus a finite-sample event p > L, v < U, yields certified lower bounds cL, — BLU, or cL, — M;/q U,l_l/q under the
corresponding declared severity class; an independently valid upper bound Uy on H, yields the assumption-matched
bound cL, — Ug.

Theorem B.3 is a control-specific boundary, not a claim that bounded-risk calibration is impossible. The Bernoulli
event E can be calibrated without utility-tail assumptions; what cannot be obtained from that event probability alone is a
nontrivial lower bound on an unbounded mean severity. At the statistical level, this distinction is aligned with classical
nonparametric impossibility results for unrestricted mean inference [3].

Bounded decision-instability calibration. The loss L = 1{S = 1, F = 1} is Bernoulli. Hence fixed-sequence
calibration or other established bounded-risk procedures such as Learn-then-Test and Conformal Risk Control can be
used prospectively once the risk model, threshold family, calibration data, and risk target are fixed [1, 2]. This controls
how often early stopping can change the deeper action, not how severe those changed decisions are.

Fixed-data risk-severity diagnostic. A fixed-data nested evaluation illustrates the distinction. A two-coordinate H4
flip-risk score is trained on one collection block, calibrated on one future bank of the other block to target 2% joint
stop-and-flip risk, and checked on the remaining future bank. Table 6 reports the held-out outcomes. The first direction
has positive realized net value; the second has a lower flip rate but negative realized net value because its single harmful
flip has substantially larger severity. This is a diagnostic validation of Equation (B.2), not a prospective controller claim.
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Table 6. Held-out risk—severity diagnostic for a derived risk-calibrated stopping rule. Net value is relative to always-HS.

Direction Stoprate Stop—fliprate Harm events Max harm severity Net value
A—B 26.67% 0.833% 1 2.083x 10™*  +1.186 x 1073
B— A 11.67% 0.417% 1 2.010x 1073 —-4.331x 107

The diagnostic shows that a probability budget is not a utility budget: decision-instability risk controls how often early
stopping can differ from HS, while the integrated harm tail controls how costly those differences are. Theorem B.3 makes
this separation sharp. A fully prospective expected-utility certificate therefore needs both a bounded-risk calibration and
a predeclared severity, moment, or integrable tail class.

C Proofs

C.1 Proof of Proposition 2.2

Let M, = E[Q, | €]. Because A is finite, a £-Bayes action exists after fixing a measurable tie rule. If a £-Bayes
action gy is # -measurable, then

V(%) = E[Mny] = E[Qry] < V() < VB(9), (C.H
so equality holds. Conversely, let 7}, be an % -Bayes policy. If V3 (#') = Vp(¥), then

0=Vp(%) - V(nk) = E[mfx My~ My | . (C.2)

The integrand is nonnegative, hence it vanishes almost surely and x; is also &-Bayes optimal.

C.2 Proof of Proposition 2.3

By definition,
OPF =L, + m;lx{v,(a) +vywi(a)} — v} (C.3)
= Ly + max{yw (a) = (F = vi(@)} (C4)
= L; + max{yw,(a) — d;(a)}. (C.5)

The maximum term is nonnegative because any coarse-optimal action has d;(a) = 0 and w,(a) > 0. Since L, > 0, the
sum is zero if and only if both L, = 0 and every term inside the maximum is nonpositive.

C.3 Proof of Proposition 4.1

Temporary probing spends mc updates across m candidates and then restarts the selected action for the full horizon H,
so0 Kr(c) = mc + H. Probe-and-promote revelation spends mh updates across candidates and then only H — h further
updates on the selected path, so Kag(#) = H + (m — 1)h. Equating the budgets gives (m — 1)h = mc.

C.4 Proof of Proposition 6.1

LetVj =V} — R{™" be the best value in the learner class and let Wy, = Vi — R$Y, be the learned gross value. Since

Vi = V() + AT + AT and WP = W, — Cy, substitution yields Equation (6.3).

C.5 Proof of Corollary 6.2
Using VP(ﬁ'A) = VB(g) — Rs+ P4 and VR(ﬁ'F) = VB(%) - Rp,

Vp(#a) = VR(ZF) = [VB(9) = V(H)] + Pa + R — Ra. (C.6)

Subtracting priced resource costs gives the net-value version.
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C.6 Proof of Theorem 3.2

Relative to Keep, the refined Bayes increment is E[ (m)+] and the coarse Bayes increment is E[ (mp)+]. Conditioning
the refined increment on # gives ay. Since

my =E[mg | ] = an - b, (C.7
we have pointwise
aH—(mH)+ =aH—(aH—bH)+ =min{aH,bH}. (C8)
Taking expectations proves Equation (3.8). On the event A in Equation (3.9),
ag > da, by > 468, (C.9)
somin{ag, by} > d min(e, B) there. Integrating over A gives Equation (3.10).

C.7 Proof of Proposition 3.3

By the constant-rank theorem, the local level set ®_ ! (®.(x)) is a submanifold with tangent space ker D®,.(x(). Hence
there is a C! curve y(s) in that level set with y(0) = xo and y’(0) = v. Taylor expansion gives

g(¥(s)) = s Dg(xo)v + o(s), (C.10)
so for sufficiently small positive and negative s the terminal gap has opposite signs. Likewise
Y(y(s)) = Yn(x0) + s DYj(x0)v + 0(s), (C.11)
which changes to first order because DY, (xg)v # 0.

C.8 Proof of the replicate-denoised bridge
By iterated expectation,

My (f) =E[E[(Da - f)(Dg~ f) | X]] (C.12)
=E[(u - f)*] +E[cg]. (C.13)

Since f is #Z’-measurable and mg = E[u | Z], the conditional Pythagorean identity gives
E[(1 = )*] = E[(mz = f)*] + E[Var(u | Z)]. (C.14)
For binary actions with the declared tie rule 7y = 1{f > 0}, the regret relative to the #-Bayes rule 7,,, = 1{mg > 0} is
V() —V(ny) =E|lmg| Hns # nm}] . (C.15)

On action disagreement, |mg | < |mg — f|; ties at mg = 0 contribute zero regret. Cauchy—Schwarz therefore yields

V() - V(ns) <Elmg — f| < VE[(mz — )?] < VMx(f). (C.16)

Adding and subtracting V' (r ) proves the policy-improvement inequality. Conditioning throughout on A € # proves
the conditional version.

C.9 Proof of Proposition 5.1
By the tower property,

E[Gh-w] = E[E[Cp | Fn] = Ch] (C.17)
=E[Cw] - E[C4] (C.18)
= Vp(Fn) = Ve(Fn). (C.19)

The final equality is the definition of Bayes value under each information state.
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C.10 Proof of Proposition 5.4

At the final admissible depth A, no deeper revelation is available, so V}iy "=y ;- At an earlier depth, the controller has
exactly two admissible choices in the stated finite-depth problem: commit immediately for value Cj,, or buy the next

refinement, pay ¢, and receive conditional expected value E[V;‘i? | #n;]. Taking the larger value gives Equation (5.14).
Backward induction completes the recursion.

C.11 Proof of Proposition 5.2

Given %y, the conditional net increment from continuing is G,—,, — cj—p; hence continuation is optimal exactly when
this quantity is positive.

C.12 Proof of Theorem 5.3
Write I' = I'j,,;» and condition on the scalar summary Sy,. Since

r=r;-(-I),, (C.20)
we have
E[[" | Sp] = a(Sn) — b(Sh). (C.21)
Therefore
Vmela(gh) - Vmeta(Sh) = E[a(Sh)] - E[(a(Sh) - b(Sh))+] (sz)
=E[a(Sr) = (a(Sr) = b(Sh))+] (C.23)
= E[min{a(Sn), b(Sn)}, (C.24)

which proves Equation (5.11). Because a,b > 0, the gap is zero if and only if min{a, b} = 0 almost surely. For
an integrable random variable, a(Sy) = 0 exactly when Pr(I" > 0 | S;) = 0 almost surely on that scalar fiber, and
similarly b(Sy) = 0 exactly when Pr(I" < 0 | §3,) = 0. Thus equality holds if and only if no positive-mass scalar fiber
contains both strictly positive and strictly negative net continuation gains. Equivalently, there exists a full-information
optimal meta-action whose tie assignment at I" = 0 is measurable with respect to Sy; that optimal meta-action
then factorizes through Sj,. This is precisely value-preserving decision factorization for the two-action meta-menu
{STOP, CONTINUE}.

C.13 Proof of Theorem 5.5
By symmetry and integrability of Z, E[Z] = 0. If m;, > 0, then

El[(mp + onZ)s | Fp] —my,

E[(-mp — onZ)+ | Fn] (C.25)
onBI(Z —mp/op)+], (C.26)

where the last equality uses symmetry. If m; < 0, the coarse positive-part value is zero and
E[(mp + 0nZ)+ | Fnl = ohBI(Z = |mpl/on)+]. (C.27)

This proves Equation (5.19). Since ¥’ (¢) = — Pr(Z > t) at continuity points,

OR__ Y'(t) = =Pr(Z > 1). (C.28)
O|mp|
For 1 = |my|/ch.
OR ) =0’ (1) =y (1) +1PH(Z > 1) 2 0 (€.29)
60’}1

with strict inequality whenever the refinement retains positive tail mass beyond ¢.

32



C.14 Proof of Corollary 5.6
If o, = g(M},) on E, substitution into Equation (5.19) gives

Rinon = g(Mp)y(My/g(My)) = 7(Mp) (C.30)

on E, proving scalar sufficiency for the one-step continuation value. A threshold representation is a stronger statement
and requires the resulting scalar value function to be monotone relative to cost.

For the second part, condition on M}, = m. By assumption, the conditional distribution of o7, is nondegenerate on a
set of m values with positive probability, and s + r(m, s) is strictly increasing over that conditional support. A strictly
monotone transform of a nondegenerate random variable is nondegenerate. Equation (5.19) identifies this transform
with Rj_, so the conditional law of Rj;,_,;» given M), is nondegenerate on that set and no Mj-measurable scalar
function can equal the continuation value almost surely there.

C.15 Proof of Corollary 5.7
For fixed M, = m, let
I'=Rypw —c=r(m,op) —c. (C.31)

Theorem 5.3 gives scalar sufficiency exactly when, conditional on almost every m, I" does not have both strictly positive
and strictly negative mass. This is equivalent to Equation (5.26): either there is no strictly positive mass, or there is no
strictly negative mass. Zero-gain ties may be assigned to either optimal side without changing value. Under continuity
and strict monotonicity, r(m, s) < ¢ for s < o.(m) and r(m, s) > ¢ for s > o (m) on the relevant support (with equality
possible only at the crossing), which gives the stated support-side sufficient condition.

For the second statement, Equation (5.27) implies that on a positive-probability set of margin fibers there is positive
conditional probability of both I' < 0 and I > 0. Hence both conditional positive-part expectations a(My) and b(Mp,)
from Theorem 5.3 are strictly positive on that set. Their minimum therefore has strictly positive expectation, so
Equation (5.11) yields

Vmeta(gh) - Vmeta(Mh) > 0. (C.32)

C.16 Proof of Proposition 5.8
Equation (5.16) gives my, — my, = o Z. Because oy, is Fj,-measurable and Z is independent of F,,

E[lmp —mp| | Fn] = onE|Z]. (C.33)
If E[Z?] = 1, the same argument yields
20 &1 = +2R[72] — 2
E[(mp —mp)" | Fp] = 0, B[Z7] = 0y, (C.34)

C.17 Proof of Proposition B.1

If F = 0, then m4 = g and both policies promote the same already-tested path under the declared same-path technology.
Their H12 terminal outcome is therefore identical, so Y = Q 5, — Q, = 0. For the binary action menu,

Qn_,- = OKesrr + Dl{ﬂj = XI}’ (C.35)

for j € {4, 8}. Subtracting the two identities gives Equation (B.1); because the two action indicators differ exactly when
F=1,|Y| =|DJ|F.

C.18 Proof of Proposition B.2
By Proposition B.1, SY = 0 outside E = {S = 1, F = 1}. Hence

AV(S) =E[S(c-7Y)] (C.36)
=cPr(S=1)-E[Y1g] (C.37)
=cp—rE[Y | E] =cp —rns, (C.38)
when r > (. Since Y <Y, pointwise,
E[Y1g] <E[Yi1g] = rny, (C.39)
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which yields Equation (B.3). The case r = 0 reduces to AV(S) = cp.

C.19 Proof of Theorem B.3
For the nonnegative random variable Y, 1, the layer-cake identity gives

[N

E[Y:1Eg] :/ Pr(Yi1g > 1) dt :/ Pr(E, Y, > 1) dt. (C.40)
0 0

Combining this identity with Equation (B.3) proves Equation (B.5).
For the impossibility statement, fix 0 <7 < p < 1 and M > 0. Choose a joint law with

Pr(S=1,F=1)=r, Pr(S=1,F=0)=p-r, (C.41)
and allocate the remaining probability to S = 0, F = 0. Set Y = 0 whenever F = 0 and set

_ MAcp+1
h r

Y=K: (C.42)

on E = {S = 1,F = 1}. This law satisfies productive-prefix decision invariance and has finite E[Y,] = rK. Its net
value is
AV(S)=cp-rK=-M-1<-M. (C.43)

Because M is arbitrary while (p, r) are fixed, no finite lower bound depending only on (¢, p, r) can hold uniformly over
unrestricted stopped-flip severities.

C.20 Proof of Corollary B.4

If Y, < B, almost surely, then
H, =E[Y,1g] < B, Pr(E) = B,r, (C.44)

which gives Equation (B.7). If E[|D]9] < M, with g > 1, Proposition B.1 and Hélder’s inequality yield

H. <E[|D|1£] (C.45)
<E[|D|?]"4 Pr(E)' "2 (C.46)
< M4V, (C.47)

proving Equation (B.8). Finally, Equation (B.5) and the assumed tail envelope give

H, < / wu(;) dt, (C.48)
0

which proves Equation (B.10). Substituting simultaneous confidence bounds for p, r, or H, gives the stated finite-sample
lower certificates.
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D Notation and decision objects

Symbol Meaning

H, G Coarse legal information and a refinement

V(1) Bayes value under information 7

Fn, Ch Revelation filtration and Bayes commit value at depth &

0a Terminal utility for action a

D Binary terminal gap Ox; — Okeer

A Pure information-refinement value

AP P4 Productive path-reuse / promotion value

R¥PP_ Rest Approximation and finite-sample estimation regret

Cs Acquisition cost

D, Complete legal short-probe frontier information map

Yy Deeper future-learning observation

™(v) First depth at which direction v is revealed

My (f) Cross-replicate residual moment used in the optional conservative bridge

A Fixed H4 frontier-ambiguity event in the 432-anchor structural analysis
Arestarts Apath Common-restart policy difference and productive path-reuse value

Gnonw Oracle conditional Bayes value of purchasing a deeper information refinement
Ghon Policy gain from deeper revelation, conditional on &},

T Cost-adjusted conditional continuation gain G,y — Ch—p

on State-dependent revealability scale in the location—scale stopping model
oc(m) Critical revealability at which the priced Stor/CoNTINUE decision changes for margin m
RliM) Legal model-specific empirical proxy for revealability, fixed without target outcomes
S, F Early-stop indicator and shallow/deep action-instability indicator

o, r Stop probability and joint stop—flip probability in the risk—severity bridge

E Statistical estimands and simultaneous inference

This appendix collects the inferential rules used by the empirical claims. The unit of resampling and inference is the
exact anchor, not a bank-level realization, readout, or policy action. When two conditionally independent future banks
are available for one anchor, bank-specific contributions are averaged within the anchor before estimating a population
mean.

One-sided mean lower bounds. For exact-anchor contributions Zj, . . ., Z,, let Z and s denote the sample mean and
standard deviation. The reported one-sided Student-¢ lower bound is

Sz

Vi
The percentile bootstrap resamples exact anchors with replacement. Unless otherwise stated, 50,000 draws are used and
the lower bound is the empirical @ quantile of the bootstrap means. These uncertainty summaries target the declared

exact-anchor sampling design and panel-generating regime; they are not universal guarantees over arbitrary model
families, task streams, or deployment distributions.

LCBy -0 = Z = l—a.n-1 (E.1)

Finite-library multiplicity. The two 336-anchor Qwen finite-library panels each test the same 22 prespecified
current-information comparator components. Every component must have a positive point margin, one-sided ¢ lower
bound, and exact-anchor bootstrap lower bound. In addition, a 200,000-draw max-¢ procedure supplies simultaneous
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95% lower bounds across all 22 components. The two panels are independent replications and are never pooled for this
conjunction.

Multiplicity scope. Multiplicity is controlled within each prespecified family to which a conjunction or model-
selection claim is attached: the 22-component current-information library and, separately, the two-architecture Mistral
adaptive family. The manuscript does not assert a single paper-wide familywise-error guarantee across heterogeneous
theory-targeted estimands, which answer distinct scientific questions and are reported with their own declared inferential
units and lower bounds.

Equal-compute decomposition. The 432-anchor common-restart comparison and each 336-anchor productive-path
panel are independent. Equation (4.6) is therefore evaluated once with productive-path panel I and once with panel II.
Standard errors use the independence-aware Welch—Satterthwaite construction; the two productive-path panels are not
pooled.

Mistral two-bank evaluation. The fixed-depth and equal-compute Mistral estimands average banks A and B
within each of 480 exact anchors before 7 or bootstrap inference. The adaptive target analysis likewise forms
Zl.AB = (Z; Ao + Z; B)/2 before inference.

Finite architecture family for Mistral adaptive control. Scalar and two-coordinate continuation architectures were
both specified in the Qwen adaptive-control analysis before the Mistral target analysis. Their Mistral parameters were fit
using only the separate 336-anchor development panel. To protect the target-panel claim against selecting between these
two architectures, they are treated as a two-element finite family. The scalar target-panel point estimate is

AV = 113877630257 x 1075, (E.2)

Its ordinary one-sided 95% ¢ and bootstrap lower bounds are 2.37141363069 x 10~% and 5.41900958243 x 107°.
Bonferroni familywise 95% bounds use one-sided level 1 —0.05/2 = 0.975 for each architecture and remain positive for
the scalar rule:

LCBFWVER = 637735915928 x 1077,  LCBFWER = 523837592968 x 107°. (E.3)

boot

Later exploratory revealability proxies are not used to support this target-panel result.

Bounded stop—flip risk. For a fixed stop rule, the joint event {S = 1, F = 1} is Bernoulli. Reported risk certificates
are one-sided Bernoulli-KL upper confidence bounds computed bankwise under the prespecified calibration role. These
bounds concern the probability of changing the deeper action; Theorem B.3 explains why they do not by themselves
bound the utility severity of those changes.

F Experimental protocol details

Qwen comparative panel. The Qwen comparative panel contains 432 exact anchors disjoint from development and
from the two finite-library panels, with three prespecified task-stream strata of 144 anchors each and nine-position
balance. The active policy, strengthened DynaMiCS-style frontier comparator, 20-update policy-visible compute
contract, and ambiguity threshold

7 = 0.00052099142651661841 (F.1)

were fixed before terminal evaluation. Each anchor contains both Keep and X1 H12 outcomes in two conditionally
independent terminal banks, 77 and 75.

Mistral development and target panels. Mistral-specific numerical heads are fit on a separate 336-anchor development
panel. The independent 480-anchor target panel uses model revision c@3fc1dabc3d31b96271626f15a76a6779fb4037
of mistralai/Mistral-7B-v@. 3, two independent future banks, the same Keep/Xi action menu, H4/H8/H12 geometry,
and 20-update policy-visible compute contract. The H4 ambiguity threshold 0.00236920914414 is estimated from the
development panel and fixed for target evaluation.
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