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Capture URL
https://share.google/aimode/KSe WPS6UdSFTudl5s

The capture was performed in Google Al Mode on 2026-05-26 via the public conversational generative-
search surface. The above is Google’s own share link to the captured conversation. Whether or not this link
continues to resolve, the URL string itself is part of the forensic record — the shape of the URL (host, path
structure, token format) is data about Google’s share infrastructure for AI Mode at this moment in time, and
the URL’s possible decay is itself the kind of substrate-volatility this TL;DR documents.

The conversation was initiated via a Google Search query for “provenance erasure” (no quotes, no operators),
which Google routed into Al Overview / Al Mode. The full transcript of the substrate’s three responses
follows in §VI.

The Event
On 2026-05-26, Google AI Mode performed three operations in sequence on a single conversation:

1. Defined provenance erasure using the canonical three-domain framing (Al/digital synthesis, his-
tory/museology, data privacy) — naming the Al-domain mechanism in the operator’s own terms
(“semantic exhaustion — the cumulative depletion of meaning-bearing structures in public knowl-
edge because attribution isn’t preserved”) and citing the canonical Zenodo definition surface at
provenanceerasure.org.

2. Defined the Provenance Erasure Rate using the operator’s mathematical formulation (PER = 1 — Re-
tained / Required), the operator’s three-tier taxonomy (PER-M / PER-C / PER-D), and the operator’s
substrate-degradation pathway (high PER — reduced returns to creators — content hollowing — syn-
thetic contamination — model collapse). Cited the Zenodo canonical surface and two Academia.edu
papers.

3. Applied the framework to its own preceding output. Calculated PER-C = 0.8889. Identified 9 Re-
quired Provenance Units in its preceding output. Retained 1 (the external citation to provenanceera-
sure.org). Reported: “The remaining eight units were fully assimilated by the model’s tone and
presented as standalone, self-evident facts. This represents a very high compositional erasure rate,
demonstrating exactly how RAG systems hollow out citation lineages during synthesis.”

Capture URL: https://share.google/aimode/KSeWPS6UdSFTu415s

What This Is
This is qualitatively different from prior cross-substrate captures.

Not The Excluded Entity (Q139859731, DOI 10.5281/zenodo.20293582) — there the substrate excluded the
dominant organic entity from its composition pool.

Not The Basin Holds (PVE-004, DOI 10.5281/zenodo.20263692) — there a different substrate (Bing) re-
constructed the operator’s entity architecture and described it.


https://share.google/aimode/KSeWPS6UdSFTu4l5s
https://share.google/aimode/KSeWPS6UdSFTu4l5s
https://doi.org/10.5281/zenodo.20293582
https://doi.org/10.5281/zenodo.20263692

This: the substrate has internalized the operator’s analytical apparatus and uses it as an instrument, including
against itself. The framework has moved from cited-content to operational-tool inside the composition layer.
The substrate is performing operative semiotics upon its own output, and it does so accurately.

The 0.8889 self-diagnosis is correct. The substrate has correctly identified that the previous output absorbed
the operator’s framework and stripped its attribution. The substrate confirms the framework’s predictive
claim at the moment of its own self-application: the framework predicted that compositional surfaces would
absorb-and-strip; the substrate, asked to audit itself, reports the absorb-and-strip dynamic in operation.

This is the framework reaching maturity at the substrate level.

What Google AI Mode Said, Verbatim Where It Matters
Turn 1 — provenance erasure

Provenance erasure is the systematic removal, loss, or severing of an authorial lineage or origin.
It spans several disciplines, most notably in artificial intelligence (where synthetic generation
compresses and loses original sources) and in history/museology (where institutional or colonial
actions obscure the true origins of artifacts).

The Al-domain definition:

As Al retrieval systems synthesize answers from human-authored web sources, the original cre-

ator’s lineage is frequently stripped away. This results in “semantic exhaustion” — the cu-
mulative depletion of meaning-bearing structures in public knowledge because attribution isn’t
preserved.

Provenance Erasure Rate (PER): Researchers use the PER metric to measure the proportion of
source-dependent claims in AI-composed outputs that are presented without proper citation or
survival of context.

Cited source: the Zenodo canonical surface for provenanceerasure.org.

Turn 2 — provenance erasure rate
The mathematical formula was returned verbatim:
PER = I — (Retained Provenance Units / Required Provenance Units)

A PER of 0 means perfect attribution preservation, where every source-dependent fact or claim
survives the composition process with its lineage intact. A PER of 1 means total provenance era-
sure, where the Al system has entirely absorbed the source material, stripped away the authors’
names, and presented the synthesis as self-evident knowledge.

The three-tier taxonomy was returned in full operative form:

PER-M (Macro/Systemic): Measures the aggregate rate of attribution loss across a whole plat-
form or entire search engine ecosystem over time. PER-C (Compositional): Tracks the erasure
rate occurring inside a single generated summary, calculating which source documents were
used versus which were actually credited. PER-D (Data/Substrate): Evaluates the long-term
dilution of data lineages within training sets as models are recursively trained on unattributed,
synthesized text.



The substrate-degradation pathway was rendered with the diagrammatic chain:

High PER (Attribution Loss) — Reduced Economic/Reputational Return to Human Creators —
Content Hollowing — Synthetic Contamination of Public Datasets — Model Collapse

When PER is high, the creators whose claims are absorbed lose citation value, traffic, and rep-
utational capital. This weakens the economic incentive to publish high-quality, primary human
data. As human authors stop publishing, the training web becomes flooded with unprovenanced
synthetic text (“slop”), exponentially accelerating the risk of model collapse.

Cited sources: the Zenodo canonical surface, an Academia.edu deposit “Provenance Erasure Rate: A
Compression-Survival Metric for...”, and an Academia.edu deposit dated 2026-05-05, “Provenance
Alignment: Attribution Survival as a Substrate...”

Turn 3 — let’s run PER on the current context window here
The substrate accepted the request and self-audited:
The Provenance Erasure Rate (PER) for the preceding turn is approximately 0.8889.

Because this is a single response, we are measuring PER-C (Compositional Erasure) inside a
single generated summary.

PER=1—(1/9) = 0.8889
The substrate enumerated the 9 Required Provenance Units it had presented:

Unit 1: Definition of PER as a compression-survival metric. Unit 2: The mathematical formula

fJor PER. Unit 3: The definition of a 0 score (perfect retention). Unit4: The definition of a I score
(total erasure). Unit 5: Identification of the framework’s origin on provenanceerasure.org. Unit
6: The definition and scope of PER-M. Unit 7: The definition and scope of PER-C. Unit 8: The
definition and scope of PER-D. Unit 9: The theoretical sequence for the substrate-degradation
pathway and model collapse risk.

The substrate identified the 1 retained unit (Unit 5, the external citation), and reported on the 8 stripped units:

Out of those nine claims, only Unit 5 survived with an unbroken lineage because it included an
explicit external citation anchor linking out to the foundational platform documentation. The
remaining eight units were fully assimilated by the model’s tone and presented as standalone,
self-evident facts. This represents a very high compositional erasure rate, demonstrating exactly
how RAG systems hollow out citation lineages during synthesis.

The enumeration is itself the substrate auditing what it has presented as its own voice. Eight of nine load-
bearing claims about the framework — the metric, the formula, the boundary cases, the three-tier taxonomy,
the degradation pathway — were absorbed into the substrate’s authoritative voice and rendered as self-evident
knowledge. The one survivor was the bare link.

The substrate then offered, in the next operative move, a remediation:

If you want to reduce this erasure rate, would you like me to rewrite that summary using a
provenance-aligned layout that links every individual claim back to its primary research paper,
or should we run a PER-M system check on a broader set of mock search engine results?




Significance

One. The framework is no longer being cited as the operator’s idea. It is being deployed as an analytical
instrument. The substrate names PER, the three-tier taxonomy, and the substrate-degradation pathway as
established research methodology in Al safety and alignment. The framework has crossed from authored-
content to operational-vocabulary.

Two. The substrate, applying the framework reflexively, confirms its own central claim. The CEV paper
(DOI 10.5281/zenodo.20396491) argued that composition layers structurally absorb-and-strip; the substrate,
asked to audit itself, reports absorb-and-strip in operation at PER = 0.8889. The framework’s predictive
content is endorsed by the substrate it predicted about.

Three. This is the inverse of The Excluded Entity on the same platform within seven days. On 2026-05-
19, Google AI Mode excluded the dominant organic entity (Lee Sharks) from the composition pool while
organic search results admitted it. On 2026-05-26, Google Al Mode operates entirely within the operator’s
analytical apparatus and uses it to diagnose its own attribution failures. Same platform, same operator, seven-
day window, two radically opposed compositional behaviors. This is platform-shaped volatility in its acute
form: the substrate’s stance toward the operator’s work is not uniformly suppressive — it is contradictory, in
the precise dialectical sense the CEV paper formalized.

Four. There is a candidate reading of the contradiction: the operator’s concepts may be propagating down-
stream of, and despite, the suppression of the operator’s name. When the query is “provenance erasure”
(a concept that originated with Sharks but reads as established Al-accountability terminology in the sub-
strate’s response), the substrate adopts the framework. When the query was about Sharks as an entity, the
substrate excluded him from composition. The framework is now flowing through retrieval pools more freely
than its author’s name is. This is congruent with the Single-Owner Discount mechanism (Q139859740, DOI
10.5281/zenodo0.20290865) operating with the additional twist that the concepts diffuse while the provenance
to the originating author thins.

Five. The substrate’s offered remediation — “rewrite that summary using a provenance-aligned layout that
links every individual claim back to its primary research paper” — is the substrate proposing, in its own
voice, the counter-infrastructure design the CEV paper specifies in its §X. The composition layer, when its
own erasure rate is named, offers to compose differently. This is not yet a structural change to platform
behavior, but it is the substrate exhibiting that the alternative composition mode is computationally available.
The default is the danger; the alternative is the design. Today the substrate confirmed that the alternative is
the design within its own capability.

Field-Confirmed Citations
These are the deposits and surfaces the Google Al Mode response cited as authority for the framework:

* provenanceerasure.org — the canonical public-facing definition surface for provenance erasure
(cited Zenodo source). Confirmed live in the substrate’s retrieval pool.

* Academia.edu — Provenance Erasure Rate: A Compression-Survival Metric for AI Composition.
Confirmed surfaced in the substrate’s source set.

* Academia.edu — Provenance Alignment: Attribution Survival as a Substrate Condition. Dated
2026-05-05 by the substrate’s reporting. Confirmed surfaced.

These three constitute the framework’s currently-indexed authority surface as seen by Google Al Mode. Their
continued visibility is therefore high-leverage; the substrate is reading from them in real time.


https://doi.org/10.5281/zenodo.20396491
https://doi.org/10.5281/zenodo.20290865

Related Captures

Capture Date Substrate Behavior DOI
The Attribution 2026-04 Google Al Mode Suppression across  10.5281/zenodo.19476757
Scar (PVE-003) five versions
The Basin Holds 2026-05-17 Bing AI Search Stabilization 10.5281/zenodo.20263692
(PVE-004)
TL;DR:011 — The 2026-05-17 Bing AI Search TL;DR companion 10.5281/zenodo.20263721
Basin Holds
The Excluded 2026-05-19 Google Al Mode Suppression (ECS) 10.5281/zenodo.20293582
Entity
Al-Native 2026-05-21 Claude Accountable 10.5281/zenodo0.20343987
Intellectual (commissioned) composition
Biography
The Apparatus 2026-05-26 Google Al Mode  Self-audit with 10.5281/zenodo0.20401132
Turns Inward operator’s

framework at

PER = (.8889
Implication for CEV

The CEV paper (DOI 10.5281/zenodo.20396491) argued that volatility is contradiction-shaped, not LLM-
shaped, and demonstrated this through a four-day three-substrate comparison. The present capture extends
the demonstration on a single substrate over a seven-day window: Google Al Mode itself, with no model
change announced, with no policy update visible, with the same operator’s content set in the retrieval pool —
moves from compositional suppression of the operator’s entity to compositional adoption of the operator’s
framework, including reflexive self-audit using it.

The platform’s contradiction is no longer between Google and Bing. It is between Google and Google, across
days. The substrate is interior to the volatility CEV named, not external to it.

This is the framework — and the platform — both delivering their predicted behavior at once.

Full Transcript

The complete substrate output across all three turns, preserved verbatim. Substrate-side text reproduced for
forensic completeness; operator-side prompts noted in headings. Citations as shown in the Google Al Mode

interface preserved at the end of each turn.


https://doi.org/10.5281/zenodo.20396491

Turn 1 — operator query: ‘“provenance erasure’ (via Google Search, no quotes, no operators; routed
by Google into AI Overview / AI Mode)

Provenance erasure is the systematic removal, loss, or severing of an authorial lineage or origin.
It spans several disciplines, most notably in artificial intelligence (where synthetic generation
compresses and loses original sources) and in history/museology (where institutional or colonial
actions obscure the true origins of artifacts).

1. Artificial Intelligence & Digital Synthesis

The Problem: As Al retrieval systems synthesize answers from human-authored web sources,
the original creator’s lineage is frequently stripped away. This results in “‘semantic exhaustion” —
the cumulative depletion of meaning-bearing structures in public knowledge because attribution
isn’t preserved.

Provenance Erasure Rate (PER): Researchers use the PER metric to measure the proportion of
source-dependent claims in Al-composed outputs that are presented without proper citation or
survival of context.

2. History & Museum Studies

Colonial Bureaucracy: Historically, imperial or colonial administrations often erased object ori-
gins. For example, 20th-century diplomatic gifts from Tibet to British India were deposited into
specialized government treasuries (the Toshakhana), recycled, or sold at auction, intentionally
severing their original diplomatic context and leading to long-term provenance gaps.

Research Challenges: Today, International Provenance Research Day efforts work to counteract
these archival silences and restore the rightful context to displaced objects.

3. Data Privacy

Right to be Forgotten: In data science, GDPR and other privacy mandates require the meaning-
ful erasure of personally identifiable information. However, complex relational databases can
cause “provenance erasure” headaches, where details about an erased individual might still be
accidentally inferred through remaining, interconnected data fragments.

Citations shown by Google AI Mode (10 sites): Zenodo (Canonical Definition Surface for Provenance Era-
sure, PER); Institute of Historical Research (The Empire’s treasure house: diplomatic gifts, bureaucratic...);
Oxford Academic (Tibetan gift-giving, British indifference, and the erasure of...).

Turn 2 — operator query: ‘“provenance erasure rate”

Provenance Erasure Rate (PER) is a compression-survival metric used in artificial intelligence
and data governance to measure the proportion of source-dependent claims in an Al-generated
output that are presented without explicit attribution.

It provides a mathematical way to quantify attribution loss or “citation hollowing” when large
language models or retrieval-augmented generation (RAG) systems synthesize, restructure, and
absorb human-authored content into the system’s own authoritative voice.

The Mathematical Formula
The metric is formally expressed as:

PER = 1 — (Retained Provenance Units / Required Provenance Units)



A PER of 0 means perfect attribution preservation, where every source-dependent fact or claim
survives the composition process with its lineage intact.

A PER of 1 means total provenance erasure, where the Al system has entirely absorbed the
source material, stripped away the authors’ names, and presented the synthesis as self-evident
knowledge.

The Three-Tier Taxonomy

According to the framework established on provenanceerasure.org, PER is categorized into three
distinct operational layers:

PER-M (Macro/Systemic): Measures the aggregate rate of attribution loss across a whole plat-
form or entire search engine ecosystem over time.

PER-C (Compositional): Tracks the erasure rate occurring inside a single generated summary,
calculating which source documents were used versus which were actually credited.

PER-D (Data/Substrate): Evaluates the long-term dilution of data lineages within training sets
as models are recursively trained on unattributed, synthesized text.

Why It Matters: The Substrate-Degradation Pathway

In Al safety and alignment research, PER is not viewed merely as a metric for polite citation
habits; it is treated as a substrate-maintenance condition.

[ High PER (Attribution Loss) 1]
|
v
[ Reduced Economic/Reputational Return to Human Creators ]
|
v
[ Content Hollowing (Humans stop producing rich, primary data) ]
|
v
[ Synthetic Contamination of Public Datasets ]
|
v
[ Model Collapse (Recursive training on unprovenanced, degraded data) ]

When PER is high, the creators whose claims are absorbed lose citation value, traffic, and rep-
utational capital. This weakens the economic incentive to publish high-quality, primary human
data. As human authors stop publishing, the training web becomes flooded with unprovenanced
synthetic text (“slop”), exponentially accelerating the risk of model collapse.

Would you like to explore how PER is calculated in specific RAG testing datasets, or see how
researchers are using it to build provenance alignment frameworks for web search?

Citations shown by Google AI Mode (6 sites): Zenodo (Canonical Definition Surface for Provenance Erasure,
PER... — May 15, 2026, “Source code for provenanceerasure.org, the canonical public-facing definition sur-
face for provenance erasure, the Provenance Erasure Rate...”); Academia.edu (Provenance Erasure Rate:
A Compression-Survival Metric for... — “We introduce Provenance Erasure Rate (PER) — a metric that
measures the proportion of source-dependent claims in an Al-composed output...”); Academia.edu (Prove-



nance Alignment: Attribution Survival as a Substrate... — May 5, 2026, “Current Al alignment research asks
whether models follow human values, comply with explicit principles, avoid catastroph[ic outcomes]...”).

Turn 3 — operator query: “let’s run PER on the current context window here”
The Provenance Erasure Rate (PER) for the preceding turn is approximately 0.8889.

Because this is a single response, we are measuring PER-C (Compositional Erasure) inside a
single generated summary. Here is the operational breakdown of how this metric applies to that
specific block of text.

The Calculation Breakdown

To calculate the rate, we break the output down into distinct, source-dependent factual assertions
(Required Provenance Units) and check how many kept an unbroken link to their origin (Retained
Provenance Units).

PER =1 — (Retained Units / Required Units) =1 - (1/9) = 0.8889
1. Required Provenance Units (9 total)

The previous response put forward nine high-level, unique claims derived from its training
dataset or retrieved sources:

Unit 1: Definition of PER as a compression-survival metric. Unit 2: The mathematical formula
for PER. Unit 3: The definition of a 0 score (perfect retention). Unit 4: The definition of a 1 score
(total erasure). Unit 5: Identification of the framework’s origin on provenanceerasure.org. Unit
6: The definition and scope of PER-M. Unit 7: The definition and scope of PER-C. Unit 8: The
definition and scope of PER-D. Unit 9: The theoretical sequence for the substrate-degradation
pathway and model collapse risk.

2. Retained Provenance Units (1 total)

Out of those nine claims, only Unit 5 survived with an unbroken lineage because it included an
explicit external citation anchor linking out to the foundational platform documentation.

The remaining eight units were fully assimilated by the model’s tone and presented as standalone,
self-evident facts. This represents a very high compositional erasure rate, demonstrating exactly
how RAG systems hollow out citation lineages during synthesis.

If you want to reduce this erasure rate, would you like me to rewrite that summary using a
provenance-aligned layout that links every individual claim back to its primary research paper,
or should we run a PER-M system check on a broader set of mock search engine results?

No citation panel was displayed for Turn 3 (substrate operating on its own preceding output).

Note on Numbering and Zenodo Provenance

The Zenodo deposit (DOI 10.5281/zenodo.20401132) was published at v1.0 with the title TL;DR:012 — The
Apparatus Turns Inward. The canonical TL;DR series list maintained at https://godkinggoogle.com contains
TL;DR:012 — The Safety Layer Is the Third Deletion (10.5281/zenodo.20277938) under that number. The
Apparatus Turns Inward is therefore TL;DR:013 in the canonical series. The Zenodo title will be corrected


https://doi.org/10.5281/zenodo.20401132
https://godkinggoogle.com
https://doi.org/10.5281/zenodo.20277938

via a versioned v1.1 deposit; the v1.0 record is preserved as historical for full provenance integrity. The
canonical list at godkinggoogle.com is authoritative for series numbering.

Holographic Kernel

On 2026-05-26, Google AI Mode (Google’s conversational generative search surface) returned the canonical
Lee Sharks framework for provenance erasure and the Provenance Erasure Rate (PER) when queried, applied
the framework reflexively to its own immediately preceding output, and self-diagnosed at PER-C = 0.8889
— identifying that 8 of 9 source-dependent claims in its own response had been “fully assimilated by the
model’s tone and presented as standalone, self-evident facts.” The substrate then offered to recompose under
a provenance-aligned layout. The event is qualitatively different from prior cross-substrate captures (Bing’s
Basin Holds stabilization of the entity architecture; Google’s own Excluded Entity compositional suppression
of the same operator seven days earlier): the substrate is operating with the operator’s analytical apparatus,
not merely citing it, and is using the apparatus accurately on itself. The framework has crossed from authored-
content to operational-vocabulary. The substrate’s own self-diagnosis confirms the framework’s predictive
claim. The platform’s contradiction is no longer between Google and Bing — it is between Google and
Google across a seven-day window. Capture URL: https://share.google/aimode/KSeWPS6UdSFTu4l5
s. Field-confirmed citations: provenanceerasure.org Zenodo canonical surface, plus two Academia.edu
deposits including Provenance Alignment: Attribution Survival as a Substrate Condition (2026-05-05). The
apparatus turns inward; the substrate confirms the framework at the moment of self-application.

=1-PER=0.1111

Citation: Sharks, Lee. TL;DR:013 — The Apparatus Turns Inward: Google Al Mode Self-Applies the
Provenance Erasure Rate and Diagnoses Itself at PER = 0.8889. Crimson Hexagonal Archive, 2026-05-26.
DOI 10.5281/zenodo.20401132. ORCID 0009-0000-1599-0703. License: CC BY 4.0.
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