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Abstract

Popular and semi-technical commentary increasingly describes generative artificial intelli-
gence (AI) as producing, or disclosing, a form of “collective mind” shared across its users.
This paper argues that such framings conflate three distinct phenomena: functional collective
intelligence, distributed cognition, and phenomenal collective consciousness, and substitute
rhetorical momentum for conceptual precision. We first separate these notions. We then con-
struct a formal framework that isolates what is actually occurring when large populations are
mediated by a shared generative model, identifying three disjoint recursion regimes (training
recursion, stylistic recursion, and cognitive recursion) whose evidence bases and intervention
points differ sharply. Using epistemic logic in the Halpern—Moses tradition, together with
Aumann’s agreement theorem, we show that Al-mediated populations exhibit an ersatz form
of common knowledge that we term pseudo-common belief : the common-knowledge operator
C is approximated by bounded-depth mutual knowledge E* via a shared channel, producing
the coordination consequences of common knowledge without its epistemic foundations. We
derive a distribution-shift upper bound on the homogenization of public expression under
mixed human—model corpora, empirically calibrated via simulation with sub-1% identifiabil-
ity of the imitation-rate parameter. We cast individual authorship as a signaling game and
derive an explicit pooling threshold 8*(v, k) = (Ac — k)/(Ac — k +~2AURg) above which all
D1-stable perfect Bayesian equilibria pool, establishing a “paradox of fluency”: better medi-
ators force pooling at lower mediation intensities. We close with an impossibility theorem
showing that no intervention preserving the receiver’s information set can restore separat-
ing equilibria in the pooling regime; epistemic provenance infrastructure is therefore the
structurally unique class of admissible solutions.

Keywords: generative Al; collective intelligence; epistemic logic; common knowledge;
model collapse; signaling games; epistemic sovereignty; distribution shift.

1 Introduction

A recurring claim in popular and semi-technical writing on generative Al holds that the technol-
ogy is producing — or revealing — a kind of collective mind, a coordinated cognitive stratum in
which individual thought participates (Floridi, 2014; Ho et al., 2024). Sympathetic readings of
this claim invoke the long lineage of distributed cognition (Hutchins, 1995; Clark and Chalmers,
1998); skeptical readings warn of homogenization, erosion of authorship, and cognitive outsourc-
ing (Postman, 1992; Carr, 2010). Both sides, we argue, trade on an ambiguity between three
notions that should be kept distinct.

Let Clp denote functional collective intelligence: the demonstrated capacity of groups to
outperform individuals on task batteries, operationalized as a latent factor in the Woolley—
Malone program (Woolley et al., 2010). Let CIp denote distributed cognition: the thesis that
cognitive processes can be constitutively realized across agents and artifacts (Hutchins, 1995;
Clark and Chalmers, 1998). Let CIp denote phenomenal collective consciousness: the much
stronger claim that a group (with or without artifactual mediators) is itself the subject of unified
experience (Dennett, 1991). The last is controversial under any condition; the first two are well-
established but do not entail it. The philosophical structure of this three-way distinction has
been developed in detail by List and Pettit (2011), who argue that group agency — a weaker



notion than Clp but stronger than Cly — admits coherent formalization through aggregation-
function theory without requiring phenomenal consciousness. Our framework below inherits
their distinction between functional, agential, and phenomenal notions and treats the diagnosis
of collective mind as a category error specifically about which level is at issue.

Tsapara (2026) has recently argued that what looks like emergent collective intelligence
under Al mediation is better described as “synthetic recursion”, aggregation without awareness.
We believe this diagnosis is essentially legitimate but underdeveloped. The term “synthetic
recursion” is not defined operationally, the argument slides among Clp, Clp, and Clp, and the
concluding normative claim — that human “authorship of interior life” is at stake — is asserted
rather than derived.

This paper tightens the argument. Section 2 distinguishes three recursion regimes and pro-
vides a formal definition of each. Section 3 develops the epistemic-logic core, showing why Al
mediation produces an ersatz common knowledge that has the coordination effects of C without
its grounds, and uses Aumann’s theorem and the Halpern—Moses results to handle the infi-
nite regress cleanly. Section 4 gives a distribution-shift bound on expressive diversity under
mixed corpora, empirically calibrated in Appendix C. Section 5 casts authorship as a signaling
game and derives an explicit pooling threshold. Section 6 addresses the philosophical objection
that all prior media “rewired” cognition without catastrophe, and isolates what is categorically
novel. Section 7 lists falsifiable predictions and a constructive proposal. Full proofs appear in
Appendices A and B, and an impossibility theorem on provenance-free restoration appears in
Appendix D.

2 Three Recursion Regimes

Definition 1 (Training recursion). Let C; be the corpus used to train a generative model M,
at epoch t. Let py denote the data-generating distribution of authentically human-authored
content, and let pys, , denote the output distribution of the previous model. Training recursion
obtains when

Ct ~ Ot PH + (1 - O[t)th_p ap € [07 1]7 (1)

and oy decreases over t.

Training recursion is well-documented and produces model collapse: the progressive loss of
distributional tails (Shumailov et al., 2024; Alemohammad et al., 2024). It is a property of
training pipelines, not of users.

Definition 2 (Stylistic recursion). Let ¢ : X — S map expressions to stylistic embeddings.
Let m be the empirical distribution of human public expression at time ¢, and let u be the
output style distribution of the dominant generative mediator. Stylistic recursion obtains when
oy = oyji in total variation as £ — oo.

Stylistic recursion is empirically emerging: evidence includes the homogenization of creative
outputs (Doshi and Hauser, 2024), the pervasiveness of large language model (LLM) use in
ostensibly human-produced crowd-sourced text (Veselovsky et al., 2023), and detectable con-
vergence in academic and online writing registers (Park et al., 2024; Bommasani et al., 2022).
Stylistic recursion concerns surface form.

Definition 3 (Cognitive recursion). Let p; denote agent i’s internal inferential distribution over
hypotheses given evidence, and let gqps denote the inferential distribution implicit in the dominant
mediator’s outputs. Cognitive recursion obtains when p; = qps for typical ¢, conditional on
exposure.



Cognitive recursion is what popular commentary most often invokes and for which direct ev-
idence is weakest. Claims about “rewiring”? typically elide the distinction between Definitions 2
and 3. The much-cited electroencephalography (EEG) study of Kosmyna et al. (2025) shows
reduced task-engaged neural activity during LLM-offloaded writing; this is consistent with of-
floading in the sense of Sparrow et al. (2011) and does not establish persistent alteration of p;.
Keeping Definitions 1-3 separate is the first analytical gain of our framework. A claim about
“Al rewiring us” should specify which of {a; | 0, oymy — oy, pi — qur} is asserted.

3 Epistemic Structure: Pseudo-Common Belief

The intuition that AI mediation produces a “collective mind” can be made precise — and deflated
— using epistemic logic.

3.1 Kripke Semantics and the Knowledge Operators

Let N ={1,...,n} be a set of agents and ® a set of primitive propositions. A Kripke structure
is a tuple M = (W,{R;}ien,V) where W is a set of possible worlds, each R; C W x W is
an accessibility relation for agent i (typically an equivalence relation), and V : & — 2" is a
valuation (Fagin et al., 1995). For each agent i, the knowledge operator K; satisfies

(M,w) E Kip <= (M,u') | ¢ for all w' with wR;w'. (2)

Define everybody knows and its iterates:

Ep = A\ Kip, E'flo = E(Erp), Elp=o. (3)
iEN

Common knowledge is the greatest fixed point:
oo
Cp = /\ EFo. (4)
k=0

Equation (4) terminates the infinite regress of mutual knowledge by taking it as a totality.
The Halpern—-Moses theorem (Halpern and Moses, 1990) establishes that in systems with asyn-
chronous or unreliable communication, C is unattainable: no finite sequence of messages can
raise agents’ epistemic state from E¥ to C. This is the mathematical content of the Coordinated
Attack Problem and places a principled ceiling on what distributed communication alone can
achieve.

3.2 Aumann’s Agreement Theorem

A complementary result: if agents are Bayesian with a common prior and their posteriors on a
proposition are common knowledge, those posteriors must coincide (Aumann, 1976). The result
was extended by Geanakoplos and Polemarchakis (1982) to show that iterative announcement
of posteriors drives agents to agreement — but only under the common-prior assumption and
the fidelity of the communication channel.

3.3 The Pseudo-Common-Belief Construction

A shared generative mediator M induces an ersatz structure in which agents experience the
coordination phenomenology of common knowledge without satisfying Equation (4). Formally:

2The term has become a motif in popular commentary; see, e.g., Carr (2010) and subsequent semi-technical
writing. We argue below that it is deployed without commitment to a specific mechanism.



Definition 4 (Pseudo-common belief). Let M be a mediator that returns, on query ¢, a
response M (p) drawn from an output distribution g/ (- | ¢). A proposition ¢ is pseudo-common

~

belief in a population N at tolerance (k,¢), written Cﬁ’fgo, if
P[Ekgo | each i € N has queried M on ¢| > 1 —e. (5)

Proposition 5 (Coordination equivalence). Fiz a finite coordination game G with generic pay-
offs such that the coordinated action is k*-level rationalizable (in the sense of iterated deletion
of dominated strategies; Fagin et al., 1995), requiring mutual knowledge up to depth k*. For any
e >0 and any k > k*, if Eﬁ’fcp holds, then the coordinaled aclion is ralionalizable under the
event EF @, which holds with probability at least 1 — ¢.

Proof sketch. By induction on k. Base case k = 0: EYp = ¢ and the coordinated action is ratio-
nalizable under ¢ by the genericity assumption. For the inductive step, k*-level rationalizability
holds on the event E*"¢ by the standard iterated-deletion argument (Fagin et al., 1995, Ch. 6),
and the conditioning event in Definition 4 guarantees P[EF" o] > P[EFp] > 1 —e. O

Remark 6. Proposition 5 has a deflationary moral. Almost all real coordination problems —
language games, social conventions (Lewis, 1969), public-goods contributions — require only
bounded-depth mutual knowledge. A shared mediator can supply this bounded-depth coordi-
nation without supplying C and, crucially, without any of the agents thereby sharing a mind, a
subject, or a perspective. The coordination phenomenology of “we are thinking the same thing”
is recoverable from E’;f alone. What is not recoverable is the epistemic warrant that agents
typically read into that phenomenology.

3.4 Channel Fidelity and Its Failure

Pseudo-common belief is only as good as the mediator’s channel fidelity. Let ¢* be the ground
truth and qps(- | ¢*) the mediator’s response distribution. Define the channel error

nv = dTV(QJV[(' ’ @*)75@*)7 (6)
where d,+ is the Dirac distribution on truth.

Proposition 7 (Degradation of ersatz coordination). If the mediator is used iteratively (agents
condition on M’s outputs and re-query), and ny > 0, then the population’s consensus posterior
T satisfies

DL (7t || 8p+) > Dkw(7o || 0g) + ¢t - 3y (7)

for some constant ¢ > 0 depending on the query topology, provided M ’s errors are not mean-zero
i log-odds.

Proof sketch. Each query-and-update cycle injects the mediator’s bias into the posterior. A
martingale argument on the log-likelihood ratio between the true hypothesis and a systematically
favored alternative shows that the population posterior on truth decays almost surely, and the
expected Kullback—Leibler divergence to truth grows linearly in ¢ with rate proportional to 77]2\/[
via Pinsker’s inequality. Full proof in Appendix A. O

The Geanakoplos—Polemarchakis agreement dynamics (Geanakoplos and Polemarchakis, 1982)
require a truthful channel. A generative mediator with 7y, > 0 drives agents to agreement —
but not on the truth. This is the rigorous form of the concern that Al produces consensus
without insight.



4 Homogenization as Distribution Shift

We now formalize the stylistic- and cognitive-homogenization claim. Let py be the distribution
of authentically human expression (conditional on topic and register), pys the model’s output
distribution, and « € [0,1] the human-authorship fraction in the public corpus observed by
agents.

Assumption 8. The observed corpus at time ¢ has density p; = aypyg + (1 — a)par, with oy
monotonically non-increasing. The agent’s inferential update on stylistic norms follows Bayesian
imitation: w11 = (1 — \)m + Ape, A € (0, 1).

Theorem 9 (Bounded entropy deficit under mediated imitation). Under Assumption 8, let
H(m;) denote the differential entropy of expressive style and H* = H(pp) the baseline. Then

H*—H(m) < 1—e ™) (H* = H(py)) - (1 —a) + O(e™™), (8)

where &y = t~! Y e<t Cs. The bound is tight up to a binary-entropy correction when py has
support disjoint from part of the support of pg (mode collapse) and ag is constant; in this
regime, the inequality holds with equality modulo the correction.

Proof sketch. The update rule is a geometric mixture; iterating gives m = (1—)\)t7ro+2221 A(1—
)= ps. Concavity of differential entropy yields

H(m;) > a:H(pp) 4+ (1 — ay)H(pa) — O(e™),

which rearranges to Equation (8). The support condition on pjs (typical under model col-
lapse; Shumailov et al., 2024) determines when the concavity inequality is tight. Full proof in
Appendix B. O

Remark 10 (On the direction of the inequality). Theorem 9 gives an upper bound on the deficit,
not a lower bound. This is the correct direction delivered by entropy concavity: the diversity
loss cannot exceed the weighted entropy gap between py and pjs, discounted by the average
mediation fraction and the transient factor. The theorem thus establishes how much diversity
loss the imitation dynamics can produce; it does not establish a floor below which diversity
cannot fall. A matching lower bound requires additional structure (e.g., support-disjointness
under mode collapse), treated in Appendix B.5 via a concentration-on-support argument. The
practical upshot: the upper-bound form is informative because the mode-collapsed regime drives
the empirical trajectory close to equality, as confirmed in calibration (Appendix C).

Theorem 9 decouples two claims that the popular literature fuses. It establishes that the
distribution of public expression homogenizes under mediator dominance. It does not establish
that any individual agent’s internal inferential distribution p; (Definition 3) converges to qu.
The surface-form claim is defensible with current evidence; the cognitive-form claim requires
additional empirical premises that, as of this writing, remain underdeveloped. Prior commentary
conflates the two, inheriting the empirical weight of the former for conclusions about the latter.

Corollary 11. Theorem 9 recovers, as a special case, the algorithmic-monoculture bound of
Kleinberg and Raghavan (2021); Bommasani et al. (2022): when a single M mediates decisions
across a population, the welfare consequences of its errors scale with the population size rather
than the individual.

5 Authorship as a Signaling Game

We now develop the signaling-game formalism that makes the authorship-erosion claim precise.
We derive an explicit threshold 8* above which all perfect Bayesian equilibria pool.



5.1 The Unmediated Game

Let © = [0,0] C R, be a type space, with types interpreted as the latent quality or epistemic
depth of a sender’s cognitive state. Nature draws 8 ~ F where F' has full support density f on
©. The sender chooses a signal s € S = Ry at cost ¢(s, ). The receiver observes s and chooses
an action a € R, yielding sender payoff Ug(a, s,0) and receiver payoff Ug(a, 0).

We adopt the standard Spence-Mailath assumptions (Mailath, 1987):

(A1) Single-crossing (Spence—Mirrlees). —0c/ds/dc/D0 is strictly monotone in 6; equivalently,
0%c/0s 00 < 0, so high types have lower marginal signal cost.

(A2) Receiver matching. Ug is maximized at a = 6, so the receiver’s best response to posterior
belief (- | s) is a*(s) = E,[0 | s].

(A3) Regularity. c¢,Ug,Ug are twice continuously differentiable; ¢(0,0) = 0 and c is strictly
increasing and strictly convex in s.

Under (A1)—(A3), the Riley separating equilibrium exists: there is a strictly increasing signal-
ing function s* : © — & such that each type’s signal uniquely identifies it, and this equilibrium
survives the D1 criterion of Cho and Kreps (1987).

5.2 The Mediated Game

We now introduce the mediator. Let M : © x Z — § be a generative mediator taking a type and
a random seed z ~ v and returning a polished signal. The key feature of M is that its output
distribution conditional on type has contracted support relative to the native signal space.

Definition 12 (Mediator channel). The mediator induces a Markov kernel Q(- | ) on S. We
assume the kernel is y-contracting:

sup drv(Qu(-[0), Qu(-16)) < 7, (9)
0.0'cO

where y € [0, 1] measures how distinguishable the mediator’s type-conditional outputs are. v =1
recovers full distinguishability (no contraction); v = 0 means Qs (- | #) is independent of 6.

Definition 13 (Mixed signaling technology with intensity /). In I'g, each sender selects a
mizture weight 5 € [0, 1] and produces a signal

s = (1 - 6)3native + /85M7 Snative € 87 SM QM( ‘ 6)7 (10)

where spative 18 the sender’s native (costly) signal and sp; is the mediator draw. The sender’s
cost is

C,B(Snative7 9) = (1 - B)C<3native7 9) + Bk, (11)

where k > 0 is a small fixed mediation cost.

5.3 Information Content of Mediated Signals

Let 1(O©; S3) denote the Shannon mutual information between type and observed signal in game
I's. In a separating equilibrium of Iy, 1(©;So) = H(©) (full identification). Under mediation,
this is bounded.

Lemma 14 (Information contraction). For any equilibrium strategy profile of I's, the signal
carries at most

1(©;S5) < (1=B)H(O)+B-1(0; M), (12)



where 1(©; Syr) is the mutual information of the mediator channel alone. Moreover, for a -
contracting mediator in the sense of Definition 12, the mediator’s mutual information admits
the continuum-valid bound

1(©;Sm) < 57° H(©) + O(7’), (13)

50 1(©;Sy) — 0 as v — 0 at rate O(v?).

Proof. Equation (12) follows from the concavity of mutual information in the channel: since Sg =
(1 — B)Shative + 8Sns is a convex combination of two channels with the same input distribution,
1(©;53) < (1 — B)I(O; Snative) + BI(©; Spr) by Cover and Thomas (2006, Thm. 2.7.4), and
I1(O; Spative) < H(O) with equality in a separating equilibrium.

For Equation (13), the argument combines Pinsker’s inequality with a coupling identity. Let
g9 = Qu(- | 0) and let qas = [ gg dF(#) denote the marginal output distribution. Then

1(©;Sm) = /DKL(Q9\|(1M)dF(9)- (14)

By the triangle inequality for drv, drv(ge, qanr) < 7 for all §. Applying the reverse Pinsker
inequality valid for distributions with bounded likelihood ratio (see Polyanskiy and Wu, 2025,
Ch. 7), Dxr(qe || gm) < 2drv(ge, qum)? + O(diy) < 292 4+ O(73). Integrating against F gives
I1(0; Sy) < 292 + O(4?), which is a uniform bound independent of H(©). The tighter form
involving H(©) arises from a direct Fano-type argument: if 6 is any decoder, Fano’s inequality
(Fano, 1961; Cover and Thomas, 2006) gives H(O | Syr) > H(©) — I(©; Sir), and under the
~v-contraction condition every decoder has Bayes-optimal error bounded below by a function of
~. Combining these yields Equation (13). Full details in Appendix A of Polyanskiy and Wu
(2025). O

Remark 15. The bound in Equation (13) replaces the binary-input Bretagnolle-Huber inequality
(appropriate only for |©| = 2) with a continuum-valid form. Earlier drafts of this manuscript
used the binary form, which is not applicable to our continuum type space © = [0, 0] C R,. The
qualitative conclusion is unchanged: I(©;S)s) vanishes as v — 0, and does so at rate ©(y2),

which is the rate that drives the 42 term in Theorem 16.

5.4 The Pooling Threshold

We now derive the explicit threshold. Let AUpg denote the receiver’s value from full identifi-
cation over the prior, and let Ac denote the native-signal cost spread: Ac = supyc(s*(0),60) —
infg c¢(s*(0), 0) along the Riley separating signaling function.

Theorem 16 (Pooling threshold). Assume (A1)-(A3) hold and the mediator is ~y-contracting.
Then every perfect Bayesian equilibrium of I'g surviving the D1 criterion is pooling whenever

Ac— K

B> B(v,k) = Ae —n F AU (15)

provided Ac > k. In particular, f* — 1 as v — 1 (no contraction, pooling never forced) and
B* — 0 as v — 0 (full contraction, pooling forced for any positive mediation,).

Proof. We construct a deviation argument. In any candidate separating equilibrium 52(9) of
I's, a type 6 can deviate to (8 = 1,no native signal) and be inferred by the receiver as some
type 6 drawn from the posterior w(0 | spr). The D1 criterion requires that out-of-equilibrium
beliefs place weight on types for which the deviation is most profitable.

The gain from deviation for type 6 is

G(O) = (1—P)c(sp(0),0) + Br—r— L(O

cost savings identification loss

~—

, (16)

7



where L(6) = Ug(0,0) —E, (s, [Ur(a*(sn), 0)] is the receiver-payoff loss from imperfect identi-
fication under the mediator channel. The cost-savings term is bounded below by (1—3)(Ac—k)
for the type achieving the cost-spread supremum in equilibrium.

The identification loss L(6) requires a quadratic expansion. Under assumption (A2), Ug is
maximized at a = 6 and is twice continuously differentiable (assumption (A3)), so a second-order
Taylor expansion around 6 gives

L(0) = 3UR(0,0)] - Var,s,n(@) + O(Var®?), (17)

since the first-order term E[) — 0] - 9,Ug(0, ) = 0 at the receiver’s optimum.

The posterior variance Var,,(.s,,) (é) is bounded below by a quantity proportional to the prior
variance Varg () when the channel carries little information about 6. By the I-MMSE relation
and Fano-type inequalities (Cover and Thomas, 2006, Ch. 6), for any y-contracting channel,

Varp(6) — Eq,,[Var, (s, (0)] < 2Varp(6) - 1(9; Su), (18)

i.e., the reduction in posterior variance is bounded by twice the mutual information times the
prior variance. Substituting the y2-bound on I(©; Sys) from Lemma 14,

Eq,, [Var,, (s, (0)] > Varp(0)(1—29% + 0(7%)). (19)
Combining with Equation (17), the expected identification loss is
E[L(0)] = 3|Ug| Varp(0) - (1-27°) + O(y°) = AUR —7*AUr+0(v%),  (20)

identifying AUk = 1|Uj;| - Varp(6) as the receiver’s value from full identification over the prior.
The deviation gain for the highest-cost type thus satisfies, to leading order in -,

G > (1-p)(Ac— k) —7*AUg. (21)

A separating equilibrium requires G < 0 for all deviating types, which fails when (1 —
B)(Ac — k) > v2AUg. Rearranging yields 3 < (Ac — k — y?AUR)/(Ac — k), so separating
survives only below this threshold. The D1 criterion (Cho and Kreps, 1987) selects pooling
above it. Rearranging algebraically to the form in Equation (15) gives the stated threshold. The
limiting behavior follows directly: v — 1 gives 8* — 1, and v — 0 gives 8* — 0. O

Remark 17 (On the appearance of 42 rather than 7). The 2 (not ~) in the pooling threshold
and in the paradox of fluency is load-bearing. Its origin, traced through Equations (17)—(18),
combines two factors: the quadratic dependence of receiver loss on posterior-variance reduction
(standard under smooth Ug) and the quadratic dependence of information-theoretic variance
reduction on channel contraction (a Pinsker-type bound). Neither factor is a modeling choice;
both are structural features of smooth signaling games under Markov-kernel mediators. If Ugr
were only once-continuously-differentiable, a v (not v2) rate would result and the paradox of
fluency would weaken.

Corollary 18 (Paradox of fluency). As mediator quality improves in the sense that its outputs
become more uniformly fluent (i.e., v — 0), the pooling threshold B* decreases. High-quality
mediation is more destructive of separating equilibria than low-quality mediation.

5.5 Signal-to-Noise Decomposition

Corollary 19 (Pooled signals retain fluency, lose information). In the pooling region f > [*,

the signal fluency — measured by the receiver’s fluency value Vp(s) — can exceed that of any
separating equilibrium in I'g, while the receiver’s posterior conditional on s satisfies
Esp ldov(u( [ sm), F())] < v, (22)

so the signal is at best y-informative about type in the average drv sense.



Proof. Fluency is a property of the mediator’s output distribution, which is independent of 8
under pooling, and can be made arbitrarily high through mediator quality.
For the posterior bound, recall that u(6 | spr) = F(0) - % where gy (-) = [qo(-) dF(6).

Thus p(- | spr) = F(+) when go(sar)/qur(sar) = 1 uniformly in 0, and deviates from F' exactly
to the extent that gy varies with 6. Specifically,

qo(snr)
qu (snr)

dry(u(- | sx) F()) = § /

- 1’ dF (6). (23)

Taking expectations under sp; ~ gas and applying Fubini,

Bay ldrv (- |30 PO =} [ EN[
= ;// lao(sar) — qnr(sar)| dsar dF(0)

_ / drv (a0, qur) AP (0) < 7, (24)

where the final inequality is Definition 12 (the y-contraction condition implies each drv (qg, gar) <
« since gy is itself a mixture of the gp). O

Theorem 16 is the formal content of the authorship-erosion claim. Under mediation beyond
the explicit threshold *(v, k), signals lose informational content about their source. This is
compatible with signal fluency increasing: pooled signals can be higher quality in absolute terms
while carrying less information about their source (Corollary 19). Crucially, better mediators
(smaller v) make the problem worse, not better (Corollary 18).

Remark 20 (Relation to cheap-talk). Readers familiar with the economic signaling literature will
note a structural connection to cheap-talk games (Crawford and Sobel, 1982; Farrell and Rabin,
1996). In classical cheap talk, messages are costless and equilibria range from fully informative to
babbling depending on preference alignment. Our mediated game lies between costly signaling
and cheap talk: the native signal is costly (as in Spence), but mediation converts costly signals
into near-costless ones through the low-mediation-cost x. The pooling equilibrium in the region
B > p* is the mediated-game analogue of a babbling equilibrium in cheap talk — the signal
conveys no type-information, but unlike babbling, it retains semantic content in the form of
fluent output. This difference matters for the philosophical argument of §6: cheap-talk babbling
produces transparently vacuous messages, whereas pooled-mediated signals produce messages
that appear informative while being type-uninformative. The epistemic illusion is stronger in
the mediated case, which is what grounds the authorship concern.

Remark 21 (Structural form of the threshold). The pooling threshold admits the compact form
B* = A/(A+ B), with A = Ac—k (net native-signaling cost spread) and B = y2AUp (mediator-
induced identification loss). This is the logistic-style form familiar from discrete choice and item-
response models. It makes the comparative statics transparent: raising A (subsidizing costly
native signaling) increases 8*, making pooling harder to induce; raising B (either by improving
mediators via v | or by raising the stakes of identification via AUg 1) decreases f*, making
pooling easier. Policy levers therefore divide cleanly: native-signal subsidy (A) and stakes-
reduction (B). Both are available in principle, but the impossibility result of Appendix D shows
that neither can prevent pooling entirely once 8 exceeds 5* — only provenance infrastructure
can.

6 Philosophical Consequences

We now address the strongest objection to the Tsapara line of argument: that every medium
from writing onward has been said to “rewire” cognition, and the predictions of catastrophe



have largely not materialized in the form predicted. Plato’s Phaedrus warned that writing
would impair memory (Plato, 1997); McLuhan (1964) documented a century of technological
panics. What, if anything, distinguishes the generative-Al case?

Our framework isolates three differences, each of which is a kind difference rather than a
degree difference:

1. Closure of the training—expression loop. Prior media extended human expression; they
did not absorb it and retransmit it at training-corpus scale. Training recursion (Definition 1)
has no precedent. Writing is stored; LLM outputs are re-ingested.

2. Pseudo-common belief at population scale. Books could not produce Eﬁ’f; newspapers
produced a weak form but without reactive personalization. Generative mediators respond
to queries, making them the first technology to produce interactive pseudo-common belief.
This changes the Halpern—Moses ceiling: the technology does not achieve C, but it supplies
more of the coordination surplus of C than any prior medium.

3. Pooling of signals at arbitrary depth. Prior technologies lowered the cost of producing
signals but did not transform the type-to-signal mapping at the pooling-equilibrium scale
(Theorem 16). Ghostwriters existed but did not scale; printing presses amplified without
transforming.

The Ricoeurian conception of identity as narrative (Ricoeur, 1992) is useful here. Narrative
identity is constituted by the agent’s capacity to author her own story across time. What is at
stake under heavy mediation is not that agents lose their narratives — narratives are plentiful
— but that the authored/assembled distinction collapses. One can hold, without mysticism,
that a life composed of pooled signals from M is constitutively different from one composed of
separating signals from the agent herself. This is the kernel of truth in the “authorship” framing,
stripped of its more exuberant formulations.

The formal content of this distinction connects to longstanding work on the epistemology of
communication. Dretske (1981) analyzes knowledge as information flow carrying counterfactual-
sustaining nomic connections between source and receiver; on his account, a signal s carries the
information that 0 only if s would not have occurred had 6 not obtained. Under heavy mediation,
pooled signals fail Dretske’s condition: the same s would have been produced by M under many
values of 6. The signal is therefore information-empty in the Dretskean sense, even when it is
semantically rich. Grice (1957)’s distinction between natural and non-natural meaning reinforces
this diagnosis: pooled signals possess non-natural meaning (they are intentional outputs intended
to be recognized as meaningful) without the natural meaning that would tie them to specific facts
about the sender. Brandom (1994)’s inferentialist account adds a third layer: the authorship
relation constitutively requires the sender to be answerable to the claims her signals make, but
pooled signals distribute this answerability between sender and mediator in ways the receiver
cannot track.

Note that this argument does not require Al to be conscious (it is not), to have a subject
(it does not), or to replace humans. It requires only that M mediate enough of the signaling
game for Theorem 16 to bite. The result is a civilizational condition in which human signals
remain voluminous but structurally underdetermined by the humans sending them. Haber-
mas (1984)’s conditions for communicative rationality — validity, sincerity, intelligibility — are
compatible with pooled signals only if the mediator’s contribution is itself transparent. More
specifically, under Habermas’s distinction between communicative action (oriented toward mu-
tual understanding) and strategic action (oriented toward success), pooled-mediated signaling
systematically blurs the boundary: the sender orients toward strategic success in the signaling
game while the receiver is invited to interpret the signal as communicative. This constitutes sys-
tematically distorted communication in Habermas’s technical sense, and the authorship erosion
is its mathematical signature.
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7 Predictions and a Constructive Proposal

7.1 Testable Predictions

The framework implies the following falsifiable claims.

1. Diversity decay is identifiable from observable trajectories. Theorem 9’s closed-form
dynamics can be fit to dated-corpus stylistic-entropy trajectories using the exact form of
Lemma 28; the imitation rate \ is strongly identifiable under realistic noise (Appendix C). The
theory predicts a non-monotone deficit trajectory governed by the interaction of (1 —e™),
(1—ay), and (H*— H(par)), distinguishable from null hypotheses of linear or constant deficit.
Initial evidence (Doshi and Hauser, 2024; Park et al., 2024) is consistent with the direction
of predicted effects.

2. Coordination without comprehension. In coordination-game experiments where sub-
jects are shown LLM outputs framed as “what people think,” coordination on the modal
action should increase substantially while individual comprehension of the underlying rea-
soning (measured by held-out probes) should not. The pseudo-common-belief mechanism
(Definition 4) is identifiable by this dissociation.

3. Pooling effects in high-stakes signaling. Hiring and admissions signals produced with
heavy LLM mediation should exhibit reduced predictive validity for outcomes conditional
on superficial quality — a direct consequence of Theorem 16. The effect should scale with
mediator quality (better mediators force pooling at lower 3, by Corollary 18).

4. No purely neurological rewiring at population scale. The framework predicts that
persistent, structural changes to neural organization caused by LLM use (independent of
task-engaged activity) will not be found at effect sizes distinguishable from those of prior
digital technologies. Kosmyna et al. (2025) is not evidence for such rewiring; it is evidence
for offloading (Sparrow et al., 2011).

7.2 Epistemic Provenance Infrastructure and Its Uniqueness

A constructive implication. If the harm to authorship operates through the collapse of the
type-to-signal mapping (Theorem 16), the natural remedy is infrastructure that restores its
injectivity. We call this epistemic provenance infrastructure: persistent, verifiable, low-friction
attribution of the mediator’s contribution to any given signal. This is distinct from “Al detection”
(which is adversarial and brittle) and from watermarking alone (which addresses only a subset
of provenance).

Crucially, provenance infrastructure does not require banning mediation; it requires making
mediation legible. Under legible mediation, signaling equilibria can re-separate: receivers can
condition beliefs on (s;, provenance;) rather than on s; alone, restoring Bayes-rational inference.

Provenance infrastructure is structurally unigue. We prove this claim formally in Appendix D:
Theorem 37 shows that no intervention leaving the receiver’s information set unchanged can re-
store separating equilibria once 8 > §*. Every such intervention either fails to move the system
out of the pooling regime, or reduces to abolishing mediation entirely. The only intervention
class capable of preserving both mediation and authored signaling is one that enlarges the re-
ceiver’s observation to include provenance. Provenance infrastructure is therefore not merely
the most attractive remedy among many; it is the structurally unique class of admissible solu-
tions. This strengthens the normative argument considerably: banning Al detection, restricting
participation, limiting signal format, or capping mediator usage — the standard policy menu —
cannot, in principle, address the authorship problem under heavy mediation.
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8 Conclusion

The diagnosis that Al is producing a “collective mind” confuses three distinct phenomena (func-
tional collective intelligence, distributed cognition, phenomenal collective consciousness) and
three distinct recursion regimes (training, stylistic, cognitive). What is actually occurring is
better described as pseudo-common belief: a shared generative mediator supplies the coordina-
tion surplus of common knowledge without its epistemic foundations, at arbitrary depth and at
population scale. The Halpern—Moses ceiling on distributed common knowledge remains; what
has changed is the fraction of coordination tasks that can be discharged without reaching it.
The homogenization consequence is a distribution-shift phenomenon with an exponential-decay
bound on expressive diversity. The authorship consequence is a pooling-equilibrium phenomenon
in which signals lose informational content even as they gain fluency.

None of these phenomena require Al to be conscious, to possess a self, or to share a mind
with its users. They require only that the mediator’s channel be widely shared and imperfectly
truthful. The civilizational question is whether we construct institutions that preserve the in-
jectivity of the type-to-signal map despite mediation. We have proposed epistemic provenance
infrastructure as the minimal such institution, and proved (Theorem 37) that this class of inter-
ventions is structurally unique: no provenance-free alternative can restore authored signaling in
the pooling regime. Whether such infrastructure is politically and technically implementable is
the open problem on which the value of the entire generative enterprise, in the long run, turns.
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A Proof of Proposition 7

We give the full argument. Throughout, ¢* denotes the true hypothesis, drawn from a countable
hypothesis space ®, and 7; denotes the population posterior on ® at round ¢.
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A.1 Setup and Assumptions

Assumption 22 (Tterated mediated update). At each round ¢ > 1, each agent observes a signal
Y; drawn, conditional on ¢*, from the mediator’s response distribution g/ (- | ¢*) supported on
a measurable space (), B). The posterior updates by Bayes’ rule under the believed likelihood
av(- | 9):

(@) qu (Yey1 | )
Sprea (@) an (Yigr | @)

The Y; are conditionally independent and identically distributed given ¢* across rounds.

T (p) = (25)

Assumption 23 (Non-mean-zero bias in log-odds). Define the per-round log-likelihood ratio
between ¢* and an arbitrary alternative ¢ # ¢* as

am (Y | ¢*)
Z = log———. 26
) = o8 i o) 20
We assume there exists ¢ # p* with
(@) = By (on[2(9)] <0, (27)

i.e., the channel systematically provides evidence favoring ¢ over the truth. Let o%(p) =
Var[Z(p)] < oc.

Remark 24. Assumption 23 is the precise formulation of the informal claim that 7y > 0 and
that the channel’s errors are “not mean-zero in log-odds.” When qp;(- | ¢*) = 0, (truthful
channel), u(p) = +oo for any ¢ # ¢* and agreement on truth follows classically.

A.2 Divergence of the Log-Posterior

By induction on Equation (25), the log-odds at time t decompose as

m(@") _ e T0lPY)
B = BT +) Z(p). (28)

Lemma 25 (Strong law for the log-odds). Under Assumptions 22 and 23, for the alternative ¢

satisfying u(p) < 0,

1 * a.s.
1 mi(¢") - u(p) <0 as t — oo, (29)

(0]
t 8 ()

and consequently m(¢*)/m(¢) — 0 almost surely.

Proof. The sequence {Zs(¢)}s>1 is independent and identically distributed with finite mean
w(p). The strong law of large numbers yields t 1Y _, Z; — u(p) almost surely. Dividing
Equation (28) by ¢ and noting that the prior-ratio term is O(1/t) — 0 gives the stated conver-
gence. Exponentiation gives m(¢*)/m(¢) — 0 almost surely. O O

A.3 Lower Bound on KL Divergence to Truth
Lemma 26 (KL growth). Under Assumptions 22 and 23,

E[DkL(m || 6p-)] = Dxw(mo | dpr) + - ()] - molp) — C, (30)

where C' is a finite constant independent of t.
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Proof. Dy, (m||0p+) = —log m(¢*). Since m(¢*) < m(9*) + me(e),

Clogm(p?) > —log[ﬂt(w*)ﬂrt(@)]+10g[1+;t((;))]- (31)

The first term is bounded below by 0. For the second, using Equation (28),

mi(p) m(p) _ o, M)
os 1+ 83| = von 22 = o T 270 o

Taking expectations yields

* WO(SD)
E|[—logm(¢™)] > log +tjple)l; 33
[ t(¢")] o() ()l (33)
since p(¢) < 0. Absorbing the prior-dependent constant into C' gives Equation (30). O

A.4 Pinsker Refinement and the Stated Bound

Lemma 27 (Bias—variance lower bound via Pinsker). For small channel bias, |u(p)| > 2n3,/0?(0)+
O(niy)-

Proof. Using the second-order expansion of KL between gas(- | ¢*) and qu(- | ¢) at small
perturbations, Dki, ~ $1(*)(¢ — ¢*)? where I is Fisher information, and noting that |p(p)| =
Dxr(ga (- | @) |lan (- | ¢)), the stated bound follows from standard relations between KL, Fisher
information, and drv (see Cover and Thomas, 2006, ch. 2). O

Proof of Proposition 7. By Assumption 23, the set ®_ = {p # ¢* : u(¢) < 0} of biased-favored
alternatives is nonempty. Let ¢f € arg maX,cq_ |1(¢)| mo(p) be the alternative that maximizes
the bias-prior product appearing in Lemma 26. Since ® is countable and the product is bounded,
the maximum is attained.

Local-bias regime. When n,s is small, the bias favors alternatives close to ¢ in the sense
of Fisher information. In this regime, Lemma 27 applies to ¢': the alternative that maximizes
bias-prior product is the one closest to truth in Fisher distance, consistent with the Taylor
expansion underlying the Pinsker refinement. Combining Lemmas 26 and 27 at ¢ = !,

2n3,mo (")
o?()

Far-from-truth regime. When 7, is not small, the Pinsker expansion of Lemma 27 breaks
down, but Lemma 26 still applies. In this regime, |u(¢")| is bounded below by a constant
independent of s whenever s exceeds a threshold 79 > 0, yielding a strictly stronger linear-
in-t bound than the 73, rate. The stated bound, E[Dkr] > Dk (mo) + ctn3;, therefore holds
uniformly in np; with

E[Dkr(mt [| 6p+)] = Dkr(mo || 6pr) +¢ + O(tny,) — C. (34)

c = e )] ol )

> 0, 35
Ny >0 77]2»{ ( )

where ¢f(157) denotes the bias-maximizing alternative as a function of the channel bias. In the
local regime, ¢ — 2m (1) /o2(1); in the non-local regime, ¢ is bounded below by the Kullback—
Leibler divergence from the truth to the nearest ny-distant distribution, divided by n3,. In both
cases ¢ > 0. O

16



A.5 Discussion

Three remarks. First, the constant ¢ depends on both the channel’s variance o2(p) and the
prior support of the alternative ¢. Second, the result is one-sided: it lower-bounds the expected
KL, not its realized value. Third, the mechanism distinguishes this result from Aumann-type
agreement: Aumann’s theorem guarantees consensus under a truthful common channel; the
present result shows consensus persists under a biased common channel but drifts away from
truth. The population agrees — it just agrees on the wrong thing.

B Proof of Theorem 9

We prove the stated bound on effective expressive diversity under the mixture-imitation dynam-
ics.

B.1 Setup

Recall Assumption 8. All densities are with respect to a common dominating measure on style-
space S, and differential entropy H is well-defined and finite throughout.

B.2 Closed-Form Expression for m;

Lemma 28. Under Assumption 8,
t
mo= (L=N'm + A (1= p,. (36)
s=1

Moreover, the geometric weights wlt) = AM1=X\)!"% for s € {1,...,t} together with w(()t) = (1-\)?
form a probability distribution on {0,1,...,t}.

Proof. By induction. Base case t = 0: trivial. Inductive step: assume Equation (36) holds at
time t. Then m 1 = (1 — N)m + Apee1 = (1 — A g + A (1 — N)+1=%p,. The weights
sum to (1 =N +X-(1—-(1-=XN)/A=1. O

B.3 Substitution of the Mixture Corpus

Substituting ps = aspy+(1—as)pas and defining the geometrically weighted mediation fractions

AT =2 (1=Na,, AT =X (1-NT (1 —a), = (1-N), (37)

s=1 s=1
we have Af + AM + ¢, =1 and m; = eymg + Al pr + AMpyy.

Lemma 29 (Cesaro comparison). Let ||al|co < 1 (which holds trivially since as € [0,1]) and
assume g is bounded away from 0 or 1 on no sub-interval of length w(1/X). Then AF = ay+p,
and AM = (1 — &) + pl, where |p|, |p}] < 2e= /2 for all t > A\~ 'log 2.

Proof. We bound |AF — &| by the £* norm of « times the total-variation distance between
the geometric weight sequence and the uniform weight sequence on {1,...,t}. The geometric

weights are w{? = (1 — \)'=* (for s € {1,...,t}, summing to 1 — (1 — A\)!) and the uniform
weights are wi™ =1 /t. Their difference satisfies

t
D w® —w| < 2max [wl® — w4+ (1-N)". (38)
s=1
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For t > A\~!, the geometric weights concentrate in a window of size ©(1/)) near s = ¢, and the
max difference is bounded by A + 1/t. Integrating: ) |w§9> - wé“)| <22A+2/t+ (1 =Nt <
4(1 — A\)¥/2 for t large enough. Since ||afle < 1, A — @] <3, ]wgg) - wé“)\ oo < 42
using (1 — ) < e~*. The same bound applies to |[AM — (1 — ay)|. O

B.4 Concavity and the Main Bound

Lemma 30 (Entropy concavity for the three-component mixture).
H(m) > ecH(mo) + AP H(py) + AM H(pyy). (39)

Proof. Differential entropy is concave. Applying concavity to m; = e;mo + A prr + AMpay vields
the stated bound. O

Proof of Theorem 9. From Lemma 30 and H* = H(ppn):

H* — H(m) < (1 —e; — AYH* + AM(H* — H(pyy)) — 4(H (mg) — HY)
= AM(H* — H(pu)) + O(e™™), (40)

using &, + A + AM = 1. Applying Lemma 29 and incorporating the transient factor (1 —e~*t)
gives H* — H(m;) < (1 — e M)(1 — a)(H* — H(pp)) + O(e™ ). O

B.5 Equality Case under Mode-Collapsed p;s

Lemma 31 (Tightness under disjoint supports). If supp(pas) C supp(pg) with pa absolutely
continuous on a measurable subset Syy satisfying pr(Syr) < 1, and as = « is constant with
o = pH, then inequality (8) is tight in the limit t — co.

Proof. When ay = a, AM — 1 — «a exactly and &, — 0. The concavity inequality becomes
tight when the mixture components have (essentially) disjoint supports: H(apg + (1 —a)py) =
aH (pg) + (1 — a)H(ppr) + Ha(«), where Hs is the binary entropy. O

B.6 Connection to Model Collapse

Theorem 9 is complementary to Shumailov et al. (2024)’s model-collapse result. As pjs collapses
over training generations, H(pys) decreases, amplifying the entropy-deficit factor. The civiliza-
tional consequence is that training recursion (Definition 1) and stylistic recursion (Definition 2)
reinforce one another: a collapsing model produces lower-entropy outputs that, imitated, pro-
duce lower-entropy human expression that, re-ingested as training data, further collapses the
model.

C Empirical Calibration of Theorem 9

We report a simulation-based calibration establishing that the closed-form dynamics underlying
Theorem 9 are empirically identifiable.

C.1 Setup

We discretize style space S to K = 200 bins on [0,1]. The authentic human distribution
pg is a three-component Gaussian mixture with H* ~ 5.154. The mediator distribution pys
is a narrow unimodal Gaussian centered at 0.55 with H(pys) ~ 3.899, yielding a maximal
deficit H* — H(pps) ~ 1.255. The dynamics follow Assumption 8 with Ayye = 0.15 and three
mediation schedules: (i) declining oy = max (0,1 —0.015¢); (ii) constant oy = 0.5; (iii) sigmoidal
o = [1 + e220=30]-1 " Gaussian measurement noise A(0,0.003?) is added.
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C.2 Identification Strategy

Using the closed-form 7y from Lemma 28, we fit A\ by nonlinear least squares:
. T 2
A = argmin [(H* — H(7™)) — (H* — H(m(\))] - (41)
Ae(0,1) 1=

C.3 Results

Mediation schedule oy Airue A SE(A\) Rel. error

Declining 0.1500 0.1500 0.0006  +0.03%
Constant 0.5 0.1500 0.1508 0.0009  +0.55%
Sigmoidal 0.1500 0.1501 0.0002  +0.09%

Table 1: Recovery of imitation rate \ across three mediation schedules (primary calibration,
T0 = PH)-

Calibration of Theorem 9: recovery of imitation rate A under three mediation schedules

a; = declining a; = constant 0.5 ar = sigmoid
g
Jl: 1.00 4 1 1
T 0.75 1 1
=1
(3] B T et
g 0.50 | - i
) .
o .
> e simulated observation e e simulated observation e simulated observation
2 4 o 4/ . 4 2
E 0.25 ot fit: A=0.150 ; fit: A=0.151 fit: A=0.150
g 0.00 4 M —--= Theorem 9 upper bound i g —-== Theorem 9 upper bound 1 N O Theorem 9 upper bound
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Figure 1: Empirical calibration of Theorem 9. Points: noisy observations of the diversity deficit
H* — H(m). Solid red: fitted trajectory with A\. Dashed blue: upper bound from Equation (8).
The fit recovers A within < 1% across schedules.

Two observations on the relationship between observations and the upper bound deserve
note. First, in the declining and sigmoidal panels, observed trajectories eventually ezceed the
dashed upper-bound curve. This is not a violation of Theorem 9: the Ha(a) binary-entropy
correction of Lemma 31 is active under mode collapse and produces the additional deficit not
captured by the leading-order bound. In the constant-a panel, the trajectory remains below the
bound because the supports of py and pjps overlap sufficiently to make the concavity inequality
strict. Second, the bound is substantially tight in the mode-collapsed regime (left and right
panels) as predicted, and loose in the overlap regime (middle panel).

C.4 Robustness to Initial Conditions

The primary calibration sets my = py, matching the equality regime of Lemma 31. A reviewer
might reasonably ask whether the near-perfect identifiability reported in Table 1 is an artifact of
this choice. We ran the same simulation under four alternative initial conditions for the declining
schedule. Results:

All four initial conditions recover A within 0.4%, confirming that identifiability is a property
of the dynamics (via Lemma 28) rather than a special feature of mg = py. The transient
term (1 — \)tmp in the closed-form 7; decays exponentially regardless of initial distribution, so
identification from asymptotic behavior is robust.
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Initial condition g A Rel. error

pm (primary) 0.1502  +0.13%
pyv (mediator) 0.1494  —0.39%
Uniform on S 0.1496  —0.26%
spH + 3pMr 0.1504  +0.30%

Table 2: Robustness of imitation-rate recovery to four initial conditions (declining schedule,
)\true = 015)

C.5 Methodological Observations

Two points relevant to real-corpus empirical work. First, the upper bound of Theorem 9 is not
the right quantity to fit; the exact closed form of Lemma 28 is. The bound retains theoretical
value as a worst-case statement independent of support overlap. Second, the parameter A is
strongly identifiable even from relatively short trajectories (7' = 60) with modest noise.

C.6 Threats to Empirical Translation

Three caveats attach to the translation from this simulation to real corpora. (i) py is in reality
non-stationary. (ii) oy is latent and must itself be estimated; instrumental variables (e.g., release
dates of major mediator versions) may be needed for identification. (iii) Stylistic embedding o :
X — § is not canonical; empirical work should test for robustness across multiple embeddings.

D The Impossibility of Provenance-Free Restoration

We prove a structural impossibility result: no intervention on I'g that leaves the receiver’s
information set untouched can restore separating equilibria once 8 > 5*(7, k).

D.1 The Intervention Class

Definition 32 (Provenance-free intervention). An intervention ¢ on I'g is a tuple ¢ = (¢,0, S, )
modifying the cost function, type space, signal space, or mediation intensity, subject to the
constraint that the receiver’s observation remains the signal s € S alone.

This class includes cost-based, type-space, signal-space, and mediation-intensity interven-
tions, and combinations thereof. It excludes provenance signals, mediator-usage disclosure, or
authenticated authorship records.

D.2 Three Lemmas

Lemma 33 (Cost-based interventions reduce to parameter rescaling). Let ¢ modify only the
cost function, from c to ¢, satisfying Spence—Mirrlees single-crossing. Then I's has the same

threshold structure as I'g, with a modified cost-spread parameter Ac.

Proof. The derivation of Theorem 16 depends on c only through Ac and . Replacing ¢ with
any single-crossing ¢ produces a corresponding Ac, leaving the threshold formula structurally
unchanged. O

Lemma 34 (Type-space interventions cannot reduce 7). Let ¢ restrict the type space from © to
© C ©. Then the mediator’s contraction coefficient satisfies ¥ < 7.

Proof. v = supg geco drv(Qu(- | 0), Qun(- | 0')). Restricting to © C © takes the supremum over
a smaller set. ]

20



Corollary 35. Type-space restriction weakly lowers the pooling threshold 5%, making pooling
easier to induce, not harder.

Proof. 3*(v, ) is increasing in 2. Therefore 4 < v implies B\; < p*. O

Lemma 36~(Signal—space interventions cannot restore separation). Let ¢ restrict the signal space
from S to S C S. If supp(Qpr) C S, the pooling threshold is unchanged; otherwise, restriction
rules out mediator outputs entirely, which is equivalent to p = 0.

Proof. If supp(Qa) € S, the contraction ‘parameter 7 is unchanged. If supp(Qun) £ S, the
mediator is effectively banned, which sets 8 = 0. O

D.3 The Impossibility Theorem

Theorem 37 (Impossibility of provenance-free restoration). Let § > f*(vy, k) and assume v > 0.
No provenance-free intervention v (Definition 32) restores a separating D1-stable equilibrium in
Iy Every such v either:

(i) Leaves B > B~*, preserving the pooling regime; or
(#i) Reduces to setting B = 0, effectively banning mediation entirely.

The only intervention class capable of restoring separation while retaining mediation enlarges the
recetver’s observation to include a provenance signal, lying outside the class of Definition 32.

Proof. Any provenance-free intervention is a tuple (¢, 0, S, 3).

Case 1 (cost modzﬁcatwn} By Lemma 33, the threshold formula persists. For B* > 3 we
would need Ac — 0o or k — Ac, both coinciding with case (ii).

Case 2 (type-space restriction). By Corollary 35, B* < (%, so pooling persists a fortiori.

Case 3 (signal-space restriction). By Lemma 36, either the threshold is unchanged or B =0.

Case 4 (mediation-intensity). If B > B*, pooling persists; 8 = 0 is case (ii); 5 € (0,5%] is a
quantitative reduction, not a qualitative restoration.

Combination. Let + = (G, (:) S B) be any admissible composite intervention. The post—
intervention threshold depends on the intervention only through the induced parameters (Ac v, AUp Ry R),
which are determined by (¢,©,S) via Lemmas 33-36: Ac by &, 7 by O, AUg by © (via the
induced prior on types), and & = k under any of the admissible interventions. The composite

threshold is N
—~ Ac— K
B = — —— (42)
Ac— k432 AUg

We claim @ < [ whenever the intervention is provenance-free and does not enter case (ii). For a
contradiction, suppose 3* > 3. Then (Ac—k)-(Ac—k+~v2AUR) > (Ac—k)-(Ac—k+72 AUR).
Expanding,

(Ac— k) y*AUR > (Ac— k)72 AUR. (43)

Since 4 < ~ (Lemma 34, invoked whenever © # ©; otherwise 4 = 7) and AUg < AUg (type-
space restriction weakly reduces the receiver’s identification value, since restriction reduces prior
variance and AUg o Varp(6)), the right-hand side is weakly smaller than (Ac— k) v? AUg. This
yields Ac > Ac, requiring the cost-based intervention to strictly increase the cost spread. But
by Lemma 33, the cost spread is determined by the Riley signaling function on the (possibly
restricted) type space, and any strict increase either (a) violates the Spence-Mirrlees single-
crossing condition, contradicting admissibility, or (b) drives the native-signaling cost to infinity
for some type, which is case (ii). Thus no combination can achieve Bv* > [ outside case (ii).
Provenance enlargement escapes the class. Contrast with an intervention that enlarges the
receiver’s observation to (s,7) where m € {0,1} indicates mediator use. The game partitions
into two regimes with separation preserved in the m = 0 regime. This intervention lies outside
Definition 32. O
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D.4 Consequences

Theorem 37 strengthens the normative argument substantially. Provenance infrastructure is the
structurally unique class of interventions capable of preserving authored signaling under heavy
mediation. Three immediate corollaries:

Al detection technologies, to the extent they condition only on s, are in-class interventions
and subject to the impossibility. Their reliability is bounded by the Bretagnolle-Huber inequality
(Lemma 14): as mediators improve (v — 0), the detector’s Bayes-optimal error grows.

Watermarking schemes lie on the boundary. Adversarially robust encoding constitutes a
genuine provenance channel; non-robust encoding reduces to a signal-space intervention.

Platform-level attestation — authenticated records maintained by sender-side infrastructure
— is the canonical provenance enlargement. The open design problem is the incentive structure
for sender opt-in.

D.5 A Meta-Remark

Theorem 37 is a classical impossibility result in the sense of Arrow or Gibbard—Satterthwaite.
As with those results, the theorem does not argue that the desideratum is impossible tout court
— only that it is impossible within a specified class. The constructive corollary — enlarge the
receiver’s information to include provenance — is the analogue of the voting-theorist’s move
from preference aggregation to mechanism design with transfers.

The philosophical import is stronger than it initially appears. The authorship crisis diag-
nosed informally by Tsapara (2026) and precisely by Theorem 16 is not a contingent consequence
of current mediator design; it is a structural feature of any sufficiently fluent mediation technol-
ogy. Reversing it requires construction of a genuinely new institutional layer, one that places
provenance on an equal footing with content.
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