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Abstract

The EU Artificial Intelligence Act now requires
providers to mark generated text so its ori-
gin can be checked. In regulated industries
the duty is sharper: a marker must never flag
third-party writing, survive routine review ed-
its, and work on outputs often a sentence long.
We call these the regulated-provenance triad
and prove that no bounded-distortion water-
mark perturbing a model’s token distribution
can satisfy all three below a critical length, the
provenance horizon. The proof combines the
Le Cam two-point method with a strong data-
processing inequality for the edit channel; a
matching achievability bound for the green-list
family under a memoryless resampling channel
makes the scaling order-tight. The barrier rises
at negligible-distortion budgets, not at deployed
ones. The contraction factor entering the bound
is a proven upper bound for the memoryless re-
sampling channel and a calibrated estimate for
realistic paraphrase, under which we estimate
most sentence-length regulated outputs fall be-
low the horizon. Relocating provenance to a
tamper-evident log read through a conformally
calibrated retrieval test sidesteps the barrier: un-
der exchangeable calibration its false-positive
rate is at or below the target at every length.
Coverage carries no guarantee and degrades
under an adaptive editor.

1 Introduction

Large language models now generate fluent text at
scale (Brown et al., 2020), and provenance for it has
moved from a research curiosity to a legal require-
ment. Article 50 of the EU Artificial Intelligence
Act, whose transparency obligations took effect Au-
gust 2026 (with a machine-readable marking transi-
tion to December 2026 under the Digital Omnibus
amendment (European Parliament and Council of
the European Union, 2026)), obliges providers to
mark text outputs in a machine-readable, detectable
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way (European Parliament and Council of the Euro-
pean Union, 2024; European Commission, 2026),
and the accompanying Code of Practice concludes
that no single marking technique is sufficient in all
cases to meet the Article 50(2) standard (European
Commission, AI Office, 2026). In a regulated in-
dustry the obligation is sharper: a broker-dealer
drafting client communications, disclosures, and
filings with a model must preserve and supervise
them under SEC Rule 17a-4 and FINRA Rule 3110
(U.S. Securities and Exchange Commission, 2023;
Financial Industry Regulatory Authority, 2014).
A provenance mechanism here must satisfy three
properties at once: not flag a client’s or counter-
party’s own writing as model output, so its false-
positive rate sits below a regulator-grade bound α;
still fire after the redaction, disclaimer insertion,
and light paraphrase that supervisory review per-
forms; and cover the output even when it is a single
recommendation or risk sentence. We name this
joint requirement the regulated-provenance triad.

Token-level watermarking is the default answer:
green-list biasing (Kirchenbauer et al., 2023), Gum-
bel sampling (Aaronson, 2023), distortion-free
schemes (Kuditipudi et al., 2024), and production
systems such as SynthID-Text (Dathathri et al.,
2024) embed a statistical signal during generation,
evaluated against quality and generic robustness
(Piet et al., 2025) but never against the conjunction
regulation imposes: a hard false-positive bound, a
bounded-edit class, and a coverage floor on short
outputs. Whether a watermark can meet that con-
junction is the question a compliance officer, and
soon an auditor, will ask.

The difficulty is information-theoretic. A wa-
termark is detectable only in proportion to the sta-
tistical distance it injects, which grows with out-
put length times the per-token distortion it may
add; quality caps that distortion at a budget γ, and
permitted edits contract whatever survives by a
factor η. A long document accumulates enough
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evidence; a one-sentence disclosure does not. The
three requirements pull against one another pre-
cisely where the mandate bites: short regulated text
under editing.

Existing negative results do not reach this
regime: Zhang et al. (2024) assume a quality-
preserving rewriter with no edit-distance bound,
and Sadasivan et al. (2025) bound detection by
human–machine TV distance; neither addresses a
bounded edit budget with nonzero distortion and
a coverage floor. The statistical detection theory
(Huang et al., 2023; Li et al., 2025; He et al., 2026)
establishes clean-channel token-budget scaling but
does not couple it to a regulatory FPR bound, a
compliance edit channel, and a short-output cov-
erage floor. As of August 2026, we are not aware
of the regulated triad being posed as a single joint
constraint.

We formalize the triad as a binary hypothesis test
between edited third-party and edited watermarked
text (Section 3) and prove a length-threshold
impossibility (Section 4): no token-distribution-
perturbing watermark with budget γ, through an
edit channel with KL contraction η, can satisfy
it below the provenance horizon L∗(α, β, γ, η) =
1
ηγ ln 1

1−(1−α−β)2
. Figure 1 contrasts the two threat

models the paper keeps separate: a stateless, third-
party-verifiable watermark (T1) and a provider-
side, log-holding test (T2). The impossibility is
a general statement about short text under bounded
edits; finance supplies the regulatory bounds and
length distribution that make it concrete, not a hy-
pothesis of the theorem.

Contributions.
• We introduce the regulated-provenance triad:

provenance coupling a regulator-grade false-
positive bound, robustness to a bounded
permitted-edit class, and a coverage floor at
length L, grounded in the EU AI Act, SEC
Rule 17a-4, and FINRA Rule 3110 (Section 3).
The triad addresses three of the four Arti-
cle 50(2) requirements (reliability, robustness,
effectiveness); interoperability is orthogonal.
The formalization is domain-general; finance
is its first worked instance.

• We prove a closed-form provenance horizon
(Theorem 1): no γ-bounded watermark satis-
fies the triad for L < L∗. Beyond the known
clean-channel token-budget scaling we add the
edit-channel contraction η via a strong data-
processing inequality, a proven upper bound

T1 · stateless watermark T2 · provider-side log

“did a key-holding model
produce this text?”

“is this close to something
I generated and stored?”

generate with Pk

edit channel E (η<1)

key test Detk

generate with Q
(no watermark)

tamper-evident log

conformal retrieval

× fails for L < L∗

signal ∝ Lηγ

✓FPR ≤ α at every L

reads the log, not the text

Figure 1: Two provenance threat models, answering
different questions (italics) and not forming a single
ranking. T1 (stateless, third-party-verifiable): the signal
lives inside the token distribution and scales as length
times per-token distortion times edit survival (Lηγ),
so it vanishes below the provenance horizon L∗. T2
(provider-side, log-holding): the signal is the regulated
firm’s tamper-evident log, required under SEC Rule 17a-
4, read through a conformal retrieval test; its detector
reads the stored log rather than the text alone, sidestep-
ping Theorem 1, and under exchangeable calibration its
FPR is at or below the target at every length. Shaded
boxes mark the contested step in each pipeline (the edit-
ing channel for T1, the stored log for T2).

when η is the green-list per-pair contraction un-
der resampling, and an empirical surrogate un-
der paraphrase (Section 4).

• We prove a matching achievability bound
(Theorem 2) and sharpen its constant (The-
orem 3): balancing the detector threshold to the
two error budgets yields a computable operative
length Lop = Θ(L∗) a small constant above L∗

(Section 5).

• We estimate η and γ for four deployed water-
marks and four edits; at the aspirational bud-
get most sentence-level SEC EDGAR outputs
fall below the horizon under illustrative light
and moderate edits (95 to 98%, a calibrated
estimate under surrogate η values and a lower
bound since Lfeasible ≥ L∗), unit-dependent and
largely vanishing at the filing level (Section 5).

• We relocate provenance to the mandated
log: split-conformal calibration gives a length-
, entropy-, and edit-independent false-positive
guarantee (Proposition 1), which a committed
log and an independent calibration set extend
to an untrusting auditor (Proposition 2); an ob-
servation that sidesteps the impossibility, not a
third theorem (Section 6).
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2 Related Work

Token-distribution watermarks. Most
deployed and proposed schemes embed a key-
dependent signal by perturbing the generative
distribution: green-list logit biasing (Kirchenbauer
et al., 2023, 2024), Gumbel and inverse-transform
sampling (Aaronson, 2023), distortion-free
constructions (Kuditipudi et al., 2024; Christ
et al., 2024; Hu et al., 2024), the provably robust
Unigram scheme (Zhao et al., 2024), consoli-
dations of detection, evaluation, and multi-bit
watermarking (Fernandez et al., 2023), publicly
verifiable variants (Fairoze et al., 2025), and the
production SynthID-Text system (Dathathri et al.,
2024). Logit-shift schemes share a small per-token
distortion budget γ for quality; key-deterministic
schemes (Gumbel, ITS) have zero marginal
distortion but large per-step conditional γ, placing
them outside Theorem 1’s bite (the horizon
collapses at large γ). All are benchmarked on
detectability and generic robustness (Piet et al.,
2025), none against a regulator-grade false-positive
bound jointly with a bounded-edit class and a
coverage floor. Notably, Kuditipudi et al. (2024)
report detection from 35 tokens under 40–50%
random edits via a non-asymptotic permutation
p-value, but their own low-entropy evaluation
shows only ∼25% of responses (median length
∼100 tokens) detectable at p ≤ 0.01, consistent
with the short-output, low-entropy difficulty the
triad formalizes.

Robustness limits and impossibility. Two neg-
ative results are closest. Zhang et al. (2024)
prove strong watermarking (robustness to a quality-
preserving rewriter) impossible via an attacker
with black-box access to quality and perturbation
oracles, and Sadasivan et al. (2025) bound any
detector’s AUROC by the human–machine total-
variation distance; empirical attacks corroborate
both, from paraphrase evasion (Krishna et al., 2023)
to watermark stealing (Jovanović et al., 2024) and
zero-shot detection (Mitchell et al., 2023) defeated
by the same paraphrase attacks. Our result is me-
chanically different: it holds for a bounded edit bud-
get and nonzero distortion and yields a closed-form
length threshold, via a data-processing contraction
on the edit channel. Closest on the edit channel, Li
et al. (2026) cast detection under edits as a hypoth-
esis test and Golowich and Moitra (2024) construct
watermarks robust to a constant fraction of adver-
sarial edits in edit distance, with alphabet size and

text length polynomial in the security parameter;
the result is complementary to our short-output,
low-distortion regime. Chakraborty et al. (2024)
note detection is possible with enough samples,
consistent with our threshold being a statement
about short outputs.

Statistical theory of watermark detection. A
recent line casts detection as hypothesis testing
and characterizes optimal rules and token budgets:
uniformly most powerful watermarks and nearly
matching bounds (Huang et al., 2023), closed-form
false-negative rates and pivotal statistics (Li et al.,
2025), tight fidelity-loss bounds (He et al., 2026)
and detection-distortion tradeoffs (Cai et al., 2026),
and debiasing via coupling (Xie et al., 2025); we
build on the Neyman–Pearson machinery (Ney-
man and Pearson, 1933). The clean-channel token-
budget scaling is established in that line (stated as
a rate in entropy per token by Huang et al. 2023,
who already treat a perturbation class). Our contri-
bution over this line is the edit-channel contraction
factor η that turns a clean-channel budget into an
edit-robust one and couples it with all three regu-
latory ingredients in a single closed-form thresh-
old; none of the prior works targets a regulatory
false-positive bound under a bounded edit channel.
Closest, He et al. (2026) give a tight clean-channel
fidelity-loss bound under Type-I/II constraints via
an f -divergence argument.

Provenance by logging, retrieval, and standards.
An alternative to embedding a signal is to record
outputs and check membership later. Krishna et al.
(2023) propose a retrieval defense that survives
paraphrase, and exact-match indices (Ferragina
and Manzini, 2000), now scaled to trillion-token
corpora (Liu et al., 2024; Xu et al., 2025), make
corpus-scale retrieval and data auditing practical
(Liu et al., 2025; Elazar et al., 2024). Provenance-
by-metadata standards such as C2PA Content Cre-
dentials (Coalition for Content Provenance and
Authenticity, 2024) certify history rather than de-
tect copies. Our construction invents neither re-
trieval nor conformal prediction; it observes that
a split-conformal layer (Vovk et al., 2005; Shafer
and Vovk, 2008; Angelopoulos and Bates, 2023;
Lei et al., 2018; Angelopoulos et al., 2024) on the
already-mandated log turns a heuristic similarity
score into a distribution-free false-positive guaran-
tee that escapes Theorem 1. Table 5 (Appendix C)
positions the work against prior entries.
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3 Problem Formulation

Let Q be the joint law on XL of legitimate (third-
party or human) text over alphabet X , written au-
toregressively as Q(x) =

∏
tQ(xt | x<t). A

watermarking scheme W = (Genk,Detk) with
secret key k replaces generation by a perturbed
law Pk, also autoregressive, and equips a detector
Detk : X ∗→{0, 1}, where 1 means provenance-
positive. Outputs have length L. A permitted
edit channel E , a Markov kernel on X ∗, models
the transformations that compliance and redaction
workflows, and benign third parties, may apply, and
the detector adjudicates documents after the work-
flow, so it sees E-processed text in both branches.

Definition 1 (Calibration on edited text). W is α-
calibrated if for third-party text Y ∼ Q passed
through the workflow, PrY,E [Detk(E(Y )) = 1] ≤
α.

Definition 2 (Coverage under editing). W is (1−
β)-coverage-robust to E if for an output X ∼ Pk,
PrX,E [Detk(E(X)) = 1] ≥ 1− β.

Definition 3 (Distortion budget). W is γ-bounded
if for every output length L the average per-step
conditional divergence under the watermarked path
measure Pk obeys 1

L

∑L
t=1 Ex<t∼Pk

KL
(
Pk(· |

x<t) ∥Q(· | x<t)
)
≤ γ.

Definition 4 (Edit contraction). E has KL strong-
data-processing (contraction) coefficient η :=
ηKL(E) = supµ̸=ν KL(Eµ∥Eν)/KL(µ∥ν) ∈
(0, 1).

We take Q to be both the legitimate-text law
and the unwatermarked generative law, the regime
where the watermark carries the only usable sig-
nal; where the two differ materially, zero-shot de-
tection is available and the triad is not the bind-
ing constraint. Appendix F estimates γ against
the base model under this assumption. Calibra-
tion encodes the ban on misattributing third-party
text, coverage the marking mandate, the distor-
tion budget the quality requirement, and the con-
traction coefficient how much distinguishing infor-
mation the edits destroy. We do not assume the
channel fixes the legitimate-text law (disclaimer
insertion changes it); the proof applies the con-
traction directly to the two edited laws. Defini-
tion 3 averages the per-step divergence under the
watermarked path measure Pk, matching the KL
chain rule KL(Pk∥Q) =

∑
t EPk

[·] ≤ Lγ di-
rectly. Definition 4 states the worst-case coeffi-
cient; Theorem 1 uses only the per-pair contraction

KL(E ◦ Pk∥E ◦ Q)/KL(Pk∥Q) at the single pair
(Pk, Q), which is at most η and may be smaller:
a proven upper bound for the resampling chan-
nel of Section 5 (Appendix E), and a plug-in esti-
mate (Appendix F) for paraphrase. The regulated-
provenance triad is the simultaneous satisfaction
of Definitions 1–3 against a channel with per-pair
contraction η < 1.

In the broker-dealer setting Q is the legitimate
text the firm receives and produces, Pk its water-
marked drafting assistant, E the supervisory-review
pipeline (redaction, disclaimer insertion, light para-
phrase), α the tolerable rate of flagging a client’s
words as machine output, and 1− β the fraction of
machine-drafted communications it must identify.

The regulated unit. The triad is a per-output
statement, so the length L that governs it is the
length of the unit a regulator supervises. We
take the sentence as the analysis unit because it
is the smallest span that carries an independently
reviewable recommendation or risk statement un-
der FINRA Rule 3110’s supervisory review; the
rule does not specify a unit or mandate review of
every communication, and Table 2 reports the full
sensitivity to this choice. The choice matters: the
barrier is the common case at the sentence level
and recedes as the unit grows to a filing (Table 2),
so we report the EDGAR fraction as a band over
units.

4 The Impossibility Theorem

Theorem 1 (Provenance horizon). LetW be any γ-
bounded token-distribution-perturbing watermark
and let η := KL(E ◦Pk∥E ◦Q)/KL(Pk∥Q) be the
per-pair KL contraction of E at (Pk, Q). IfW is
simultaneously α-calibrated and (1−β)-coverage-
robust to E on outputs of length L, with α+ β < 1,
then

L ≥ L∗(α, β, γ, η) =
1

ηγ
ln

1

1− (1− α− β)2
.

(1)
Equivalently, for every L < L∗ no γ-bounded
scheme satisfies the triad.

The per-pair ratio η is at most the worst-case co-
efficient ηKL(E) of Definition 4, so the theorem
is conservative relative to worst-case bounds, and
key-averaging only shrinks the relevant TV dis-
tance. For the memoryless resampling channel of
Section 5, η is at most (1 − ρ)2 (Appendix E), a
proven upper bound that makes L∗ conservative
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there. For paraphrase we substitute the estimated
contraction of Appendix F, a plug-in surrogate for
the per-pair value rather than a proven bound, so
the horizon there and every output fraction derived
from it are calibrated estimates, not consequences
of this theorem.

Proof sketch (full proof in Appendix D). After the
workflow, the detector is a test of H0 :Z ∼ E ◦Q
against H1 :Z ∼ E ◦Pk with Type-I error ≤ α and
Type-II error ≤ β. The Le Cam two-point bound
gives α+ β ≥ 1−TV(E ◦Q, E ◦Pk), so the triad
forces

TV
(
E ◦Q, E ◦ Pk

)
≥ 1− α− β. (2)

Applying the Bretagnolle–Huber inequality (Bre-
tagnolle and Huber, 1978; Tsybakov, 2009) and
then the strong data-processing inequality (Polyan-
skiy and Wu, 2025) directly to the two edited laws,

TV
(
E ◦Q, E ◦ Pk

)
≤

√
1− e−ηKL(Pk∥Q). (3)

The KL chain rule, with the expectation un-
der Pk as in Definition 3, gives KL(Pk∥Q) =∑L

t=1 Ex<t∼Pk
KL(Pk(· | x<t)∥Q(· | x<t)) ≤

Lγ. Substituting into (3) and combining with (2)
yields 1 − α − β ≤

√
1− e−ηLγ , i.e. ηLγ ≥

ln 1
1−(1−α−β)2

, which rearranges to (1). No invari-
ance of Q under E is used.

Corollary 1 (Finance instantiation). Instantiate
E with the operations permitted under FINRA
Rule 3110 supervisory review and SEC Rule 17a-
4 record handling (redaction, disclaimer inser-
tion, light paraphrase), set α to a regulator false-
positive bound and 1− β to a coverage mandate.
Then any γ-bounded watermark fails the triad on
regulated outputs shorter than L∗. Section 5 esti-
mates the fraction of SEC EDGAR sentence-level
outputs shorter than L∗ under a surrogate η.
Corollary 1 substitutes regulatory constants into
Theorem 1; it is a worked instantiation rather than
an independent result, and the impossibility itself is
domain-agnostic. The numerical operating points
(α=10−2, 1−β=0.95, the sentence as the regu-
lated unit) are illustrative design choices motivated
by FINRA Rule 3110 (supervisory review) and
SEC Rule 17a-4 (retention), not values mandated
by those rules; Table 1 ranges over a broad grid to
show sensitivity.
The bound is driven by the product ηγ through
the KL chain rule: the impossibility is specif-
ically about token-distribution-perturbing water-
marks with γ > 0. The construction of Section 6

escapes the theorem not by setting γ = 0 within the
same hypothesis pair, but by changing the detection
mechanism entirely: its detector reads a stored log
rather than distinguishing E ◦Pk from E ◦Q on the
text alone, so the two-point reduction in Step 1 of
the proof does not apply.

Corollary 2 (Quality is the enemy of provenance).
Because L∗ ∝ 1/γ, the very property that makes
a watermark deployable, a small quality footprint
(small γ), strictly raises the horizon. Quality and
short-output coverage cannot co-hold below L∗:
reducing γ pushes L∗ up and shrinks the set of
coverable lengths. The contraction η is fixed by the
permitted edits, not by the watermark, and at fixed
β, tightening α has a comparatively weak effect
(Figure 2).

Remark 1 (A worked example). With α = 10−2,
1− β = 0.95, γ = 0.02, and moderate paraphrase
η = 0.5, (1) gives L∗ ≈ 216 tokens, far above
a sentence-length disclosure; at the same β, α =
10−3 gives ≈ 231 (Figure 2), and aggressive η =
0.2 exceeds 500 (Table 1).

5 Matching Bound and Computed
Frontier

A matching achievability bound. Theorem 1
is a lower bound: below L∗ nothing works. To
show the horizon is order-tight in (η, γ) and not
merely conservative, we prove a matching upper
bound for a concrete, analytically clean instance
of Definitions 1–4; the operative length is then a
scheme-specific constant times L∗, as the simula-
tion below quantifies. Define the token-resampling
channel Rρ: each token is, independently, replaced
by a fresh draw from Q with probability ρ and kept
with probability 1 − ρ. For the green-list family
with green fraction g = 1

2 , the post-edit green rate
is g+(1−ρ)δ where δ is the per-token bias, so the
distinguishing signal attenuates by 1 − ρ and the
per-pair KL contraction ratio at (Pk, Q) is at most
(1−ρ)2 (Appendix E; the worst-case ηKL(Rρ) over
all pairs is at most 1 − ρ by joint convexity, but
Theorem 1’s proof uses only the per-pair value, so
the tighter (1− ρ)2 applies).

Theorem 2 (Achievability). For the channel Rρ

and a green-list scheme with g = 1
2 and per-token

budget γ, let δ∗(γ) be the unique positive solution
of KL(Bern(g+δ∗)∥Bern(g)) = γ. The green-
count test with a midpoint threshold (set using ρ)
achieves α-calibration and (1 − β)-coverage for
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every L ≥ Lach, where

Lach =
2

η δ∗2(γ)
ln

1

min(α, β)
. (4)

Since δ∗2 = (γ/2)(1− γ/3+O(γ2)) at g=1
2 , this

equals 4
ηγ ln 1

min(α,β) ·
(
1 +O(γ)

)
, a correction of

0.67% at γ=0.02 and under 10% at γ=0.24. To-
gether with Theorem 1, L∗ ≤ Lfeasible ≤ Lach, and
both are Θ(1/(ηγ)), so Lfeasible = Θ(L∗) for this
channel and scheme family. The result is exact for
the context-independent (Unigram) green partition;
for hash-based schemes with context width ≥ 1,
the tensorization and green-rate homogeneity are
standard idealizations (Appendix E).

The proof (Appendix E) applies a non-
asymptotic Hoeffding bound on the green-count
statistic using the exact bias δ∗. The con-
stant is loose (Lach/L

∗ ≈ 8.6 at (α, β, γ) =
(10−2, 0.05, 0.02)), while the optimal Neyman–
Pearson test does much better (simulation below).
The Θ(1/(ηγ)) scaling is exact regardless of the
correction. The matching result is limited to the
green-list family under the memoryless resampling
channel.

A sharper operative length. The midpoint
bound (4) charges both errors the worse budget
min(α, β). Balancing the threshold to the two bud-
gets sharpens it to a computable operative length
Lop =

(√
ln(1/α) +

√
ln(1/β)

)2
/(2η δ∗2(γ))

(Theorem 3, Appendix E), a strict improvement
whenever α ̸= β; with Theorem 1, L∗ ≤
Lfeasible ≤ Lop, and the optimal Neyman–Pearson
test attains the still-smaller Gaussian threshold
LCLT. The operative feasible length is thus a small
constant times L∗, about 7 for Lop and 3.7 for
the single-variance γ → 0 Gaussian threshold
at (α, β, γ)=(10−2, 0.05, 0.02) against 8.6 for the
midpoint; the split-threshold bound is proved by
Hoeffding rather than a Gaussian approximation, so
Lop is a genuine guarantee (Figure 3, Appendix G).

The frontier. Table 1 ranges L∗ from 81 to 956
tokens over the (α, β) grid at γ = 0.02; edit
strength dominates (L∗ ∝ 1/η), and halving γ
doubles it (Corollary 2).

Estimating η and γ. The horizon bites only at
the (η, γ) real schemes and edits realize, so we es-
timate both (Table 6; Appendix F): γ as the mean
per-token KL between watermarked and base log-
its, η as the post-edit/pre-edit KL ratio of the de-
tection statistic. The logit-shift schemes run at

regime (γ, η) α=10−3 α=10−2 α=.05
β=.01 β=.05 β=.10

light (.02, .8) 239 135 81
moderate (.02, .5) 383 216 129
aggressive (.02, .2) 956 538 321
high-quality (.01, .5) 765 431 257

Table 1: L∗ (tokens, rounded up) from (1) over a
regulator-relevant grid. The η values label the illus-
trative light/moderate/aggressive frontier; estimated η
for real edits is in Table 6.

γ ≈ 0.19 to 0.24 nats, roughly an order of magni-
tude above the aspirational 0.02 budget (chosen as
an order of magnitude below deployed practice to
represent the negligible-distortion regime quality-
sensitive deployments target), buying detectability
with quality (Corollary 2); paraphrase has η well be-
low one (0.47 DIPPER, 0.34 GPT-4o) while light
edits leave η ≈ 0.83, which is why paraphrase
erases detection and light edits do not. At γ = 0.02
and η = 0.47, L∗ ≈ 229. Neither estimate is a
bound on the theorem’s quantity. η̂ is a detection-
statistic ratio whose relation to the sequence-level
per-pair contraction is not established in either di-
rection, though Table 8 indicates η̂ overstates the
operative contraction on every channel tested (Sec-
tion 7).
Scope distinction. L∗ and Lach are theorem-backed for
the memoryless resampling channel, where η = (1− ρ)2

is a proven upper bound on the per-pair contraction for
the green-list family (Appendix E). All paraphrase-horizon
values and EDGAR fractions are calibrated estimates based
on a surrogate η̂ (Appendix F), not consequences of Theo-
rem 1.

Scaling agreement. For the resampling-channel
probe (a strongly detectable green-list at γ ≈
0.32, distinct from the 0.02 frontier), the optimal-
test Gaussian threshold LCLT matches Lexact (the
smallest length at which a deterministic threshold
test meets both error budgets, found by exact bi-
nomial enumeration) to within 9%, while L∗ sits
3.8 to 4.1 times below Lexact: the bound captures
the 1/(ηγ) scaling, not the constant (Appendix G,
Table 7).

The barrier on EDGAR. The theorem bites at
the aspirational γ=0.02, not at deployed budgets
γ ≈ 0.19 to 0.24 (Section 7). On the EDGAR
length distribution (Appendix K), at γ=0.02 the
fraction below L∗ depends strongly on the reg-
ulated unit (Table 2): 95% of sentences fall be-
low L∗ under light edits and 98% under moderate
edits, while at the filing level the barrier largely
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Regulated unit light moderate aggressive
(L∗=135) (216) (538)

sentence (26) 95 98 >99
filing excerpt (1400) 3 6 22

Table 2: Percent of SEC EDGAR regulated outputs
shorter than L∗ (at α=10−2, γ=0.02), by the unit taken
to be the regulated output and by edit strength. Median
token counts in parentheses. The headline 98% is the
sentence-level, moderate-edit cell; with the filing as the
unit the barrier largely evaporates. These are calibrated
estimates using illustrative η values 0.8/0.5/0.2 (Ta-
ble 1) and ceiling-rounded L∗ values; estimated η for
real edits is in Table 6.

evaporates. The paragraph unit is omitted because
paragraph-level fractions were inconsistent with
the paragraph length distribution on recomputation
(Appendix K); the sentence and filing rows were re-
computed and are consistent. The EDGAR fraction
is a band over units, the basis for the length-aware
policy of Section 8.

6 Sidestepping the Horizon: A Conformal
Log Test

Theorem 1 closes the door on bounded-distortion
watermarks but leaves it open for mechanisms
outside the token-perturbing class. We make a
simple observation rather than prove a third theo-
rem: a mechanism that already exists in the reg-
ulated setting walks through that door. In the
broker-dealer setting the regulated firm already
maintains a tamper-evident log of model-drafted
outputs under SEC 17a-4 (U.S. Securities and Ex-
change Commission, 2023). Let L be that log and
let s(z) = maxr∈L sim(z, r) be a retrieval score,
computed with an exact-match or embedding in-
dex (Krishna et al., 2023; Liu et al., 2024). Cali-
brate on n held-out third-party texts {yi} exchange-
able with deployment third-party text: set τ̂ to the
⌈(1−α)(n+1)⌉-th smallest of {s(yi)} and flag z
iff s(z) > τ̂ (Algorithm 1, Appendix A).

Proposition 1 (Distribution-free FPR). For any
fresh third-party Y exchangeable with the cali-
bration set, provided n ≥ ⌈1/α⌉ − 1 and assum-
ing continuous scores or randomized tie-breaking,
Pr[s(Y ) > τ̂ ] ≤ α, for every output length L, ev-
ery output entropy, and every edit applied to the
provider’s own outputs.

Proof. s(Y ) and {s(yi)} are exchangeable, so the
rank of s(Y ) is uniform on {1, . . . , n+ 1} and the
split-conformal threshold gives marginal coverage

Pr[s(Y ) > τ̂ ] ≤ α (Vovk et al., 2005; Lei et al.,
2018). The score and threshold never reference the
generative law, so the guarantee does not depend
on γ, L, or E .

The guarantee above assumes the verifier trusts
the provider’s log. The contested case is an auditor
who does not; a binding commitment to the log
(e.g. a signed Merkle root published before any
query), together with an independently held and
exchangeable calibration set, closes it, restoring
the ≤ α false-positive guarantee for that auditor
(Proposition 2, Appendix B).

Threat model and its limits. The guarantee
evades Theorem 1 because the retrieval detector
uses side information (the stored log) rather than
distinguishing E ◦ Pk from E ◦Q on the text alone;
the two-point reduction underlying the theorem
does not apply to a detector with access to the gen-
eration record. We state the trade plainly. The
watermark of Section 3 is stateless and third-party-
verifiable; the construction is provider-side and
log-holding, answering “is this close to something
I generated and stored,” not “did a key-holding
model produce this.” The guarantee is one-sided
(≤ α FPR, no coverage guarantee) and marginal:
an adversary crafting text near a logged output,
or the boilerplate subpopulation of Section 7, can
raise the realized rate, which group-conditional
calibration controls and which we recommend for
deployment. We probe both edges in Section 7 (Ta-
ble 12, Appendix N); the two mechanisms answer
different questions (Figure 1).

Who runs the test. When the regulated firm de-
velops or deploys its own model (a provider under
Art. 3(3) of the AI Act), provider-side provenance
discharges Article 50’s marking obligation directly.
For an auditor who will not trust the log, Proposi-
tion 2 (Appendix B) shows a binding commitment
plus an independently held calibration set restores
the ≤ α guarantee, though coverage carries none.

Feasibility. The infrastructure is modest: a desk’s
annual model-drafted volume (108 to 109 tokens)
fits compressed exact-match indices already serv-
ing trillion-token corpora at sub-second latency
(Liu et al., 2024; Xu et al., 2025), over records
SEC 17a-4 already requires the regulated firm to
maintain (U.S. Securities and Exchange Commis-
sion, 2023).
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Watermark None Light DIPPER GPT-4o Rec.2

Green-list 0.99 0.86 0.27 0.14 0.05
SynthID-Text 0.98 0.83 0.24 0.12 0.04
Aaronson–Gumbel 0.99 0.88 0.29 0.16 0.06
Unigram 0.98 0.92 0.39 0.24 0.11

Table 3: T1 (stateless, third-party-verifiable): coverage
(TPR at each method’s nominal 1% threshold) under
permitted edits at L=100 (500 positive and 500 negative
examples per condition per seed, five seeds). All entries
are means over five seeds; the largest standard deviation
is 0.05. Realized FPR on the full third-party EDGAR
null set is 1.1 to 1.6%. Every watermark collapses under
paraphrase (Table 8, Appendix I); DetectGPT and GLTR
cannot hold 1% (Appendix J).

Method None Light DIPPER GPT-4o Rec.2

Conformal retrieval 1.00 0.99 0.94 0.88 0.79

Table 4: T2 (provider-side, log-holding): coverage un-
der the same conditions and sample sizes as Table 3.
All entries are means over five seeds; the largest stan-
dard deviation is 0.03. Realized FPR is 1.0%. Under
exchangeable calibration, the conformal retrieval test
holds coverage at ≤ 1% FPR (Proposition 1) at every
length, sidestepping Theorem 1 because its detector
reads the stored log rather than the text alone. T2 an-
swers a different question from T1 (Figure 1).

7 Experiments

Two regimes, one scaling. The theorem and the
experiments sit at different operating points, and
conflating them would be a mistake. Theorem 1
bites in the high-quality regime γ ≈ 0.02 that
quality-sensitive deployments target but none of
the four benchmarked schemes uses; there the hori-
zon sits above sentence length and the triad is infea-
sible. The experiments run at deployed γ ≈ 0.19
to 0.24 for the logit-shift schemes (Table 6), where
the same formula puts the horizon below L=100,
so the theorem does not forbid the triad and the
empirical collapse is not its consequence; the only
link is the shared 1/(ηγ) scaling and Corollary 2,
with edit-channel contraction, not the length floor,
failing the schemes (Table 8, Figure 5). Because
the feasible length exceeds L∗ (Theorem 3), the
fractions computed at L∗ are a lower bound on the
true uncoverable fraction.

Two threat models. We evaluate within the two
models of Figure 1, not as one leaderboard: T1
(the four watermarks plus zero-shot DetectGPT
and GLTR) is stateless and third-party-verifiable;
T2 (our conformal test) is provider-side and log-

holding. T2 does not “beat” T1; under the triad on
short text T1 is infeasible while T2 is feasible.

Setup. We evaluate on SEC EDGAR 10-K/10-Q
filings and earnings-call transcripts. The null is
text not produced by the host model; the host set
is model-generated summaries of filing excerpts
from OPT-6.7B (Zhang et al., 2022) (the primary
host generator) and Llama-3 (Grattafiori et al.,
2024) in a financial setting (Wu et al., 2023; Chen
et al., 2021). All T1 watermark results use OPT-
6.7B as the host generator. We watermark with
green-list (Kirchenbauer et al., 2023), SynthID-
Text (Dathathri et al., 2024), Aaronson–Gumbel
(Aaronson, 2023), and Unigram (Zhao et al., 2024),
plus zero-shot DetectGPT (Mitchell et al., 2023)
and GLTR (Gehrmann et al., 2019) as T1 base-
lines (Wu et al., 2025). Edits, in increasing ag-
gressiveness, are disclaimer/redaction (light), DIP-
PER (Krishna et al., 2023), GPT-4o paraphrase
(gpt-4o-2024-08-06) (OpenAI, 2024), and
DIPPER twice (recursive). The construction uses
a hybrid embedding-plus-n-gram index with split-
conformal calibration (n=2000); we report TPR
at each method’s nominal 1% threshold over five
seeds, with realized false-positive rates, measured
on unedited third-party text, in the table captions
(watermarks realize 1.1 to 1.6%, slightly above
T2’s 1.0%, so the comparison is conservative in the
watermarks’ favor); each seed varies the random
generation of host-model outputs and the test sam-
ple, with the conformal calibration set fixed across
seeds; prompt variation is not sampled (a single
host prompt and a single paraphrase prompt are
used throughout, listed in Table 14).

Detection under permitted edits. Tables 3 and 4
report coverage at L=100 (above the median regu-
lated unit of 26 tokens; Figure 4 extends to L=25).
Every watermark collapses under paraphrase: Uni-
gram reaches 0.39 under DIPPER, while the con-
struction holds 0.94 at≤ 1% FPR. We do not credit
this to the theorem: deployed γ ≈ 0.19 to 0.24 puts
the horizon below L=100, so Theorem 1 does not
forbid the triad here. The optimal green-count test
(Table 8, Appendix I) more than doubles DIPPER
coverage (0.27 → 0.71) yet still misses 0.95, so
contraction binds even for the best detector; real-
ized coverage below the resampling-model predic-
tion (0.71 versus 0.97) indicates that η̂ systemati-
cally overstates the operative contraction across all
channels, including light edits (Table 8), suggest-
ing a bias in the detection-statistic ratio rather than
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a paraphrase-specific effect; the direction is con-
servative, implying higher true L∗ and a larger un-
coverable fraction than reported. Coverage crosses
0.95 near L ≈ 500 to 700 (Figure 4, Appendix H)
while the construction is length-flat to L=25.

Calibration and ablation. Table 10 (Ap-
pendix L) reports false-positive calibration: wa-
termark z-tests drift above the 1% level on repet-
itive boilerplate, whereas split-conformal meets
the marginal target; on a matched hard-negative
stratum, group-conditional calibration (Romano
et al., 2020; Gibbs et al., 2025) restores per-stratum
control (Table 12). The ablation (Appendix M)
shows FPR control is invariant to the score, edit-
robust coverage comes from semantic similarity,
and a larger calibration set concentrates the real-
ized rate around the target, with spread following
Beta(n+1−k, k). Varying the host generator from
OPT-6.7B to GPT-4o lowers conformal coverage
only from 0.94 to 0.88 at a held 1% FPR (Ap-
pendix O), so the advantage is not an artifact of
an easily separable generator.

Takeaways. Watermark coverage becomes us-
able only past L ≈ 500 to 700; at L=100 under
paraphrase it stays below 0.4. Within the provider-
side model, the construction is the only method
whose false-positive rate is a guarantee rather than
a measurement.

8 Discussion

When watermarking still suffices. The horizon
constrains short outputs, and the operative read-
ing is its contrapositive: once an output is long
enough, a bounded-distortion watermark meets the
triad on its own. The governing length is the op-
erative Lop, not the lower bound L∗ (Theorem 3),
and under DIPPER paraphrase this crossover sits
near 500 to 700 tokens (Figure 4); under recursive
paraphrase the 1/η scaling of Table 6 places it near
1 100 to 1 600 tokens, comparable to filing length,
so the division of labor is itself edit-strength de-
pendent. There the watermark is the instrument
of choice rather than a fallback, since it is state-
less and third-party-verifiable where the provider
log is not. The resulting policy is length- and unit-
aware: watermark the long outputs, and route the
short ones, where supervisory weight concentrates
(Table 2), through the mandated log. This is the di-
vision of labor the European Code of Practice’s “no
single technique” position anticipates (European

Commission, AI Office, 2026); our results give it
a quantitative boundary, since the regulated unit
rather than a vague notion of “enough text” is what
decides which mechanism applies.

No parametric escape. Since L∗ ∝ 1/(ηγ),
the only parametric way to shrink it is to raise
γ or lower η, neither of which a quality-seeking
scheme controls: γ must be small for deploya-
bility, and η is fixed by the permitted edits. The
green-list interaction between distortion and con-
traction (Appendix E) shifts the per-pair ratio by
only O(γ). With the matching bound confirming
Lfeasible = Θ(L∗), the only exit leaves the token-
perturbing class entirely, by changing the detection
mechanism (Section 6).

9 Conclusion

We formalized regulated provenance as a triad and
proved that no bounded-distortion watermark sat-
isfies it below a closed-form horizon L∗, with a
matching bound that makes the horizon order-tight
in the distortion and contraction parameters rather
than a loose necessary condition. The contrac-
tion factor entering the bound is a proven upper
bound for the memoryless resampling channel and
a calibrated estimate under realistic paraphrase, a
distinction we keep explicit throughout: the bar-
rier covers most sentence-level SEC EDGAR out-
puts by our estimates, while the empirical collapse
of deployed watermarks reflects edit-channel con-
traction at their operating budgets rather than the
length floor itself, the two regimes linked only by
the shared 1/(ηγ) scaling. A conformally cali-
brated retrieval log escapes the impossibility under
a provider-side threat model, with a false-positive
rate at or below the target at every length under
exchangeable calibration. As marking obligations
take effect, the triad is a design lens for provenance
mechanisms, and the regulated unit, not raw output
length, is what decides which mechanism can carry
the mandate.

Limitations

Theorem 1 applies only to γ-bounded token-
distribution-perturbing schemes under an edit chan-
nel with strictly positive contraction coefficient.
Theorem 2 is proved for the token-resampling chan-
nel and the green-list family; we do not claim a
matching upper bound for arbitrary channels. The
bound L∗ is a distribution-free necessary condition,
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not an exact achievable length, so it is conserva-
tive. The proxy estimates η̂ and γ̂ are measured on
our data: γ̂ is a token-level mean matching Defini-
tion 3’s average, while η̂ for the paraphrase chan-
nel is a ratio of detection-statistic divergences that
need not upper-bound the per-pair contraction the
theorem uses; hence the paraphrase horizon and
EDGAR fraction are calibrated estimates rather
than strict consequences of Theorem 1. The con-
struction’s coverage depends on index quality, and
its false-positive guarantee assumes exchangeabil-
ity between calibration and deployment text; cover-
age further degrades against a fully adaptive editor.
Empirically, we evaluate solely on financial text.

Ethical considerations

Our construction logs model outputs, raising data-
retention and privacy questions. In regulated set-
tings retention is already mandated, but other de-
ployments should minimize logs, apply access con-
trols, and enforce retention limits, for instance by
storing only hashed or embedding representations.
Provenance mechanisms can be misused to surveil
or falsely attribute authorship; the false-positive
guarantee we emphasize limits wrongful attribu-
tion, and we encourage any deployment to publish
its calibration target. When coverage fails, gen-
uine model outputs go unflagged, so deployments
relying on provenance for oversight should weigh
missed-detection risk alongside misattribution risk.
False positives are not evenly distributed: the
repetitive-boilerplate stratum draws higher rates,
so the risk of misattribution falls disproportion-
ately on writers whose style resembles model boil-
erplate; group-conditional calibration mitigates but
does not eliminate this. All SEC EDGAR filings
used are U.S. government public-domain records.
Earnings-call transcripts were obtained from public
sources and are excluded from the code release be-
cause redistribution rights are unconfirmed. OPT is
released under a non-commercial license; Llama-3
under the Llama 3 Community License; GPT-4o
outputs are governed by OpenAI’s Terms of Ser-
vice. Table 12 reports an embedding-targeted adap-
tive editor that lowers coverage. EDGAR filings
from 2020–2025 overlap with standard pretraining
corpora; the host-generator sensitivity sweep (Ap-
pendix O) controls for this. Finally, a length-aware
routing policy mandates retaining more short com-
munications, carrying a privacy cost even where
record-handling rules apply; deployments should

minimize retention where law allows.

Reproducibility
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A Construction Algorithm

Algorithm 1 specifies the conformal retrieval-log
provenance test of Section 6.

Algorithm 1: Conformal retrieval-log
provenance

Input: output log L; calibration set
{yi}ni=1; target FPR α; query z

Output: provenance decision in {0, 1} with
marginal FPR ≤ α

1 for i← 1 to n do
2 si ← maxr∈L sim(yi, r);
3 end
4 τ̂ ← the ⌈(1− α)(n+ 1)⌉-th smallest of
{si};

5 s(z)← maxr∈L sim(z, r);
6 return 1[ s(z) > τ̂ ];

B Auditor Guarantee under Commitment

Proposition 1 assumes the verifier trusts the
provider’s log. The contested case is an auditor
who does not; two ingredients restore the guaran-
tee.

Proposition 2 (Auditor-verifiable calibration under
commitment). Suppose the provider publishes a
binding commitment to the log L and to the simi-
larity function sim(·, ·) (including model identity
and index configuration) before any query is adju-
dicated, and the calibration set {yi} is held inde-
pendently of the provider and is exchangeable with
deployment third-party text. Then for any fresh
third-party Y exchangeable with the calibration
set, Pr[s(Y ) > τ̂ ] ≤ α holds even for a verifier
who does not trust the provider, at every length L
and under every edit applied to the provider’s own
outputs.

Proof. The commitment fixes both L and sim(·, ·),
hence s(·) is determined before Y is seen; s(Y )
and {s(yi)} are exchangeable and the rank of s(Y )
is uniform on {1, . . . , n + 1}, giving Pr[s(Y ) >
τ̂ ] ≤ α as in Proposition 1. Holding {yi} indepen-
dently of the provider removes any influence on
τ̂ .

C Positioning Detail
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Work FPR Edit Cov. Reg. Result
bound rob. floor grd. type

Kirchenbauer et al.
(2023)

emp. part. no no scheme

Kuditipudi et al.
(2024)

exact p part. no no scheme

Dathathri et al.
(2024)

emp. part. no no scheme

Zhang et al. (2024) no unbd. no no impos.
Sadasivan et al.
(2025)

TV recur. no no impos.

Huang et al. (2023) Type I part. tok. no opt. r.
This work ≤ α ch. η ≥ 1−β yes all 3

Table 5: Positioning against nearest prior work.

D Full Proof of Theorem 1

We restate and complete the argument. Fix a γ-
bounded scheme and an edit channel E with KL
contraction coefficient η ∈ (0, 1) (Definition 4).
No invariance of Q under E is assumed.

Step 1: testing reduction. By Definitions 1 and
2 the detector, acting on workflow-processed text,
is a (possibly randomized) test for H0 : Z ∼ E ◦Q
versus H1 : Z ∼ E◦Pk with Type-I error at most α
and Type-II error at most β. The Le Cam two-point
inequality (Le Cam, 1986; Tsybakov, 2009) states
that for any test the sum of the two errors is at least
1− TV(P0, P1); hence (2).

Step 2: contraction. The Bretagnolle–Huber in-
equality (Bretagnolle and Huber, 1978) bounds
TV(P,R) ≤

√
1− e−KL(R∥P ) (we use this√

1− e−KL form, not the 1
2e

−KL variant, since
the constant propagates into L∗). The strong data-
processing inequality with coefficient η (Polyan-
skiy and Wu, 2025) gives KL(E ◦ Pk∥E ◦ Q) ≤
ηKL(Pk∥Q) for the two laws Pk and Q directly.
Composing yields (3). (TV is symmetric; we use
KL(Pk∥Q) to match Definition 3.) This is where
the prior reliance on E ◦Q = Q is removed: apply-
ing the contraction to the pair (Pk, Q) needs only
that η is the channel’s contraction coefficient.

Step 3: distortion budget. For autoregressive
laws the KL chain rule gives KL(Pk∥Q) =∑L

t=1 Ex<t∼Pk
KL(Pk(· | x<t)∥Q(· | x<t)) ≤

Lγ by Definition 3, with the expectation taken un-
der the watermarked path measure Pk as the chain
rule requires.

Step 4: combine. Substituting into (3) and chain-
ing with (2): 1− α− β ≤

√
1− e−ηLγ . Squaring

and rearranging, e−ηLγ ≤ 1− (1−α−β)2, hence
ηLγ ≥ ln 1

1−(1−α−β)2
and L ≥ L∗. The right side

is finite and positive whenever 0 < α+ β < 1.

E Proof of Theorem 2

Let the green-list scheme have green fraction g = 1
2

and per-token green probability p = g + δ un-
der Pk, with δ > 0 the bias. The per-token
KL between the green indicators is f(δ) :=
KL(Bern(g+δ)∥Bern(g)), the exact Bernoulli di-
vergence. For any budget γ > 0, the budget-
consistent bias δ∗(γ) is the unique positive so-
lution of f(δ∗) = γ, obtained by inverting the
exact KL. Since f(δ) = δ2

2g(1−g) + O(δ4), the

leading-order inverse is δ ≈
√
2g(1− g)γ, at

g = 1
2 , the exact budget-consistent bias satisfies

δ∗2 = (γ/2)(1−γ/3+O(γ2)), making the true suf-
ficient length larger than the leading-order formula
by a factor 1/(1− γ/3): a 0.67% correction at the
aspirational γ=0.02 and under 10% at the largest
deployed budget γ=0.24. The displayed formulas
use the leading-order equivalence δ∗2 ≈ γ/2 for
readability; the Θ(1/(ηγ)) scaling is exact regard-
less.

Under the token-resampling channel Rρ, each
token is redrawn from Q with probability ρ, so the
post-edit green rate is pe = g + (1 − ρ)δ under
H1 and g under H0. The detection statistic is the
green count S =

∑L
t=1⊮[token t green]. Set the

threshold at the midpoint τ = L
(
g + (1−ρ)δ

2

)
.

By Azuma–Hoeffding for bounded martingale
differences, with the gap (1− ρ)δ/2 between τ/L
and each mean, the Type-I error is

Pr
H0

[S ≥ τ ] ≤ exp
(
− 1

2L(1− ρ)2δ2
)
,

and symmetrically the Type-II error PrH1 [S < τ ]
obeys the same bound. Writing η = (1 − ρ)2

and using the exact budget-consistent bias δ∗ sat-
isfying f(δ∗) = γ, both error exponents equal
Lη δ∗2/2. The sufficient condition Lη δ∗2/2 ≥
ln(1/min(α, β)) yields

L ≥ 2

η δ∗2(γ)
ln

1

min(α, β)
,

which is (4).
To combine with Theorem 1, note that under

the green-list idealization both Pk and Q factorize
over green indicators, so KL(Pk∥Q) = Lf(δ) and
KL(E ◦ Pk∥E ◦ Q) = Lf(cδ) with c = 1 − ρ
and the per-pair contraction ratio f(cδ)/f(δ). At
g = 1

2 ,

f(ϵ) =
∑

j≥1

aj ϵ
2j , aj =

22j−1

j(2j − 1)
> 0,
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the even series of 1
2

[
(1+2ϵ) ln(1+2ϵ) +

(1−2ϵ) ln(1−2ϵ)
]
, with a1=2, a2=

4
3 , and

every coefficient positive. Term by term,

f(cδ)− c2f(δ) =
∑

j≥1

aj δ
2j
(
c2j − c2

)
,

where the j=1 term vanishes and each j ≥ 2 term
is strictly negative for c ∈ (0, 1). Hence f(cδ) ≤
c2f(δ) for every δ, so η = (1−ρ)2 is a valid upper
bound on the per-pair contraction. Both bounds are
Θ(1/((1− ρ)2γ)) and

Lach

L∗ =
2γ ln(1/min(α, β))

δ∗2(γ) ln 1
1−(1−α−β)2

,

which equals 4 ln(1/min(α, β))/ ln 1
1−(1−α−β)2

at leading order in γ (about 8.6 at (α, β) =
(10−2, 0.05)). The exact binomial minimum Lexact

runs 3.8–4.1 times L∗ (Table 7), so Lfeasible =
Θ(L∗).

Sharp constant via a balanced threshold.

Theorem 3 (Operative feasible length). For the
channel Rρ and the green-list family of Theo-
rem 2, the green-count test whose threshold (set
using ρ) divides the post-edit gap in proportion√
ln(1/α) :

√
ln(1/β) achieves α-calibration

and (1 − β)-coverage for every L ≥ Lop, with
η = (1− ρ)2, where

Lop =

(√
ln(1/α) +

√
ln(1/β)

)2

2 η δ∗2(γ)
. (5)

Because (
√
a+
√
b)2 ≤ 4max(a, b) (with a= ln 1

α ,
b= ln 1

β ), this strictly improves the midpoint bound
(4) whenever α ̸= β, and with Theorem 1 gives
L∗ ≤ Lfeasible ≤ Lop.

Proof. The midpoint threshold of (4) charges both
error types the worse budget min(α, β), which is
the only reason its constant is loose. Place the
threshold instead at rate g+x∆ with ∆ = (1−ρ)δ
the post-edit gap and x ∈ (0, 1). Hoeffding on
the green count gives Type-I error PrH0 [S ≥
L(g + x∆)] ≤ exp(−2Lx2∆2) and, symmet-
rically, Type-II error ≤ exp(−2L(1 − x)2∆2).
Requiring the first ≤ α and the second ≤ β
gives x∆ ≥

√
ln(1/α)/(2L) and (1 − x)∆ ≥√

ln(1/β)/(2L); adding the two,

∆ ≥
√
ln(1/α) +

√
ln(1/β)√

2L
,

that is, L ≥
(√

ln(1/α) +
√
ln(1/β)

)2
/(2∆2),

with the minimizing split x =√
ln(1/α)/(

√
ln(1/α) +

√
ln(1/β)). Using

∆2 = η δ∗2 at g = 1
2 yields (5). Numeri-

cally Lop/L
∗ ≈ 7.0 and LCLT/L

∗ ≈ 3.7 at
(α, β, γ) = (10−2, 0.05, 0.02).

F Estimating η and γ

We estimate γ as the mean per-token KL(Pk(· |
x<t)∥Q(· | x<t)) at each scheme’s de-
ployed strength, and η as the ratio K̂L(E ◦
Pk ∥Q)/K̂L(Pk ∥Q) of detection-statistic KL af-
ter versus before editing, where K̂L is the diver-
gence between Gaussian fits to the detector’s z-
statistic under the two hypotheses. Values are in Ta-
ble 6; γ̂ matches Definition 3’s average, while η̂ is
a detection-statistic ratio rather than the sequence-
level per-pair contraction the theorem uses.

Watermark γ (nats) Edit channel η

Green-list 0.19 light (redact+discl.) 0.83
SynthID-Text 0.15† DIPPER paraphrase 0.47
Aaronson–Gumbel 0.17† GPT-4o paraphrase 0.34
Unigram 0.24 recursive (×2) 0.21

quality budget (target) 0.02 no edit (identity) n/a

Table 6: Estimated γ (per-watermark) and η (per-
channel, on green-list). †Key-averaged; the per-step
conditional γ of Definition 3 is larger for sampling-rule
schemes.
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Figure 2: Provenance horizon L∗ vs. α for three edit
strengths (β=0.05, γ=0.02). Shaded band: sentence-
length range (median 26 to P90 88 tokens).
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edit setting γ η L∗ LCLT Lexact

light 0.32 0.61 11 39 42
moderate 0.32 0.23 29 114 116
aggressive 0.32 0.04 168 687 697
high-quality WM 0.16 0.23 58 220 224

Table 7: Scaling agreement at α=0.01, β=0.05 for the
token-resampling probe. L∗: lower bound (1); LCLT:
Gaussian green-count threshold (two-variance); Lexact:
exact binomial minimum.
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Figure 3: Feasible length in units of 1/(ηγ) (γ →
0 limit) vs. α at β=0.05. Shaded region: L∗ ≤
Lfeasible ≤ Lop.
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Figure 4: Coverage (TPR at nominal 1% threshold) vs.
output length under DIPPER paraphrase. Dotted line:
0.95 coverage target.

I Optimal Detector at L = 100

Table 8 isolates detector suboptimality from edit-
channel contraction at L=100, γ=0.19: the de-
ployed z-test vs. the optimal Neyman–Pearson
green-count test (exact level-α binomial), both at
α=0.01. The model column is the predicted cover-
age if η̂ were the true per-pair contraction.

Edit channel η Deployed Optimal Model

light 0.83 0.86 0.97 1.00
DIPPER 0.47 0.27 0.71 0.97
GPT-4o 0.34 0.14 0.52 0.89
recursive 0.21 0.05 0.26 0.66

Table 8: Green-list coverage at L=100, γ=0.19: de-
ployed z-test, optimal Neyman–Pearson green-count
test, and resampling-model prediction.

J Zero-Shot Detectors

Edit DetectGPT GLTR

no edit 0.58± 0.05 0.49± 0.06
light 0.41± 0.05 0.34± 0.05
DIPPER 0.07± 0.03 0.06± 0.02
GPT-4o 0.04± 0.02 0.03± 0.02
recursive 0.02± 0.01 0.02± 0.01

realized FPR 4.8% 5.6%

Table 9: Zero-shot detector coverage at L=100 (mean
± std, five seeds) with realized FPR (Mitchell et al.,
2023; Gehrmann et al., 2019).

K EDGAR Output Lengths

We extract risk-factor and MD&A sections of
SEC EDGAR 10-K/10-Q filings and segment into
sentences. The 1.2 × 106 sentences have me-
dian 26 tokens (P90 = 88, P95 = 131, P99 =
298). Filing-level excerpts have median ∼1 400
and mean ∼5 600 tokens.
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Figure 5: Provenance horizon vs. distortion budget γ
at estimated DIPPER η=0.47 and (α, β)=(10−2, 0.05).
Shaded band: deployed γ range. Dashed line: L=100.

L False-Positive Calibration

Method Marginal Boilerplate

Green-list 1.31± 0.18% 2.9%
SynthID-Text 1.12± 0.15% 2.3%
Aaronson–Gumbel 1.24± 0.16% 2.6%
Unigram 1.58± 0.21% 3.4%
Ours (split-conformal) 1.00± 0.09% 1.4%

Table 10: False-positive rate on third-party text (target
α=1%; mean ± std, five seeds), marginal and on repeti-
tive boilerplate.

M Construction Ablation

Variant TPR@1%FPR Realiz. FPR

exact n-gram 0.31 1.0%
normalized LCS 0.55 1.0%
E5-large embedding 0.86 1.0%
hybrid (embed + n-gram) 0.88 1.0%

calibration n=100 0.87 1.6± 1.0%
calibration n=500 0.88 1.2± 0.4%
calibration n=2000 0.88 1.0± 0.2%

Table 11: Retrieval-score ablation at L=100 under GPT-
4o paraphrase, with calibration-size sensitivity.

N Hard Negatives and Adaptive Editor

Table 12 reports FPR on hard negatives (topically
matched third-party text from Llama-3-8B and
earnings-call transcripts) under marginal and group-
conditional calibration, and coverage under an
embedding-targeted adaptive editor (best-of-eight
DIPPER paraphrases by lowest E5 cosine).

False-positive rate (target 1%) FPR

standard third-party null (marginal) 1.0%
hard-negative null (marginal) 2.3%
hard-negative null (group-conditional) 1.1%

Coverage under adaptive editor (L=100) TPR

non-adaptive DIPPER (reference) 0.94
embedding-targeted, embedding index 0.61
embedding-targeted, hybrid index 0.68

Table 12: Hard-negative FPR (top) and adaptive-editor
coverage (bottom) at L=100.

O Host-Set Sensitivity

Table 13 varies the host generator across four model
scales, reporting conformal coverage at L=100 un-
der DIPPER. Coverage declines gently from 0.94
to 0.88 while FPR holds at 1%.

Host generator TPR@1%FPR Realiz. FPR

OPT-6.7B (distinctive) 0.94 1.0%
Llama-3-8B 0.92 1.0%
Llama-3-70B 0.90 1.0%
GPT-4o (near null) 0.88 1.0%

Table 13: Conformal coverage at L=100 under DIPPER
across host generators.

P Experimental Configuration
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Component Configuration

Host generators
Primary OPT-6.7B (facebook/opt-6.7b)
Scale sweep Llama-3-8B, -70B (T=1.0, top-p=0.95);

gpt-4o-2024-08-06,
Decoding T=1.0, top-p=0.95 (watermarked);

T=0.7, top-p=0.9 (GPT-4o host)
Max tokens matched to target L per condition

Watermark settings
Green-list g=0.5, context width 1, logit bias 2.0
SynthID-Text tournament depth 3
Gumbel default key derivation
Unigram g=0.5, context-free green partition

Edit channels
Light disclaimer prepend + PII redaction
DIPPER kalpeshk2011/

dipper-paraphraser-xxl,
default rev., lex 60, order 60

GPT-4o gpt-4o-2024-08-06, T=1.0
Recursive DIPPER applied twice

Retrieval index
Embedding E5-large-v2

(intfloat/e5-large-v2, default rev.)
N-gram 5-gram, BM25 weighting
Hybrid 0.7×embed + 0.3×n-gram
Search exact (brute-force)

Table 14: Experimental configuration. GPT-4o para-
phrase prompt: “Paraphrase the following text, preserv-
ing its meaning but changing the wording substantially.”
Host-generation prompt: “Summarize the following
SEC filing excerpt in 2-3 sentences, focusing on key
risk factors and financial metrics.”
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