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For years, large language models have rested on an unstated assumption: the open web can be crawled,
trained on and searched at near-zero marginal cost. That assumption is now loosening at both ends.
On the training side, major model developers have said they will honour a shared robots.txt training-
preference signal based on the IETF AI Preferences working group’s drafts, and measurement studies
show that restrictions concentrate on high-quality, actively maintained sources. On the inference side,
search and fetch tools are now billed per successful call, and the retrieved content is billed again as in-
put tokens. Existing discussions treat these shifts separately and usually measure losses by token share,
which understates the problem. We argue that the open web is becoming a metered input: the marginal
source of model capability is shifting from crawl scale to rights-aware data mixtures and budgeted re-
trieval, and enterprises should manage data rights and retrieval calls as first-class cost items. We formal-
ize quality-weighted restriction, data-constrained scaling, per-call retrieval cost, budgeted gating and the
internalize-versus-retrieve break-even, and contribute a framework, a route comparison, an algorithm,

seeded illustrative calculations and five falsifiable forecasts.
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Introduction

For the past five years, the data foundation of LLM pre-
training has come almost entirely from one source: large-
scale crawling of the open web. Public archives such as
Common Crawl!, after cleaning, deduplication and qual-
ity filtering, became successive generations of corpora —
C4, The Pile, RefinedWeb, Dolma, FineWeb and DCLM?28,
Scaling laws supplied the economic rationale: under a fixed
compute budget, parameters and tokens should grow to-
gether, and the default source of extra tokens was simply
to crawl more®1°. In that narrative, web pages were essen-
tially free feedstock and the real cost lay in compute.

That default is now loosening on the training side. A
longitudinal audit of 14,000 web domains by Longpre and
colleagues found that within a single year (2023-2024),
robots.txt restrictions fully restricted about 5%+ of all to-
kens in C4 and 28%+ of its most actively maintained, crit-
ical sources; counting terms-of-service restrictions, 45% of
C4 was restricted (per the paper)!!. The same group’s ear-
lier licensing audit of more than 1,800 text datasets re-
ported license omission rates above 70% and error rates
above 50% on widely used dataset-hosting sites (per the pa-
per)!'2. The distribution of restrictions is even more telling.
A study of news websites found that 60.0% of reputable sites
disallow at least one AI crawler, compared with 9.1% of
misinformation sites, and that blocking by reputable sites
rose from 23% in September 2023 to nearly 60% by May

2025 (per the paper)!®. Another study covering the top
one million websites reported that 55% of news outlets with
high factual reporting disallow GPTBot, against only 4.1%
of right-leaning outlets (per the paper)'#. Surveys and mea-
surements of creators show that the efficacy of robots.txt
is limited by technical awareness and by whether crawlers
comply; blocking at the reverse-proxy layer is stronger but
sparsely deployed!®.

On 30 October 2026 the trend entered a standardization
phase. OpenAl announced that it will honour a common
robots.txt signal for foundational generative-Al training,
aiming to implement it in the coming months while its ex-
isting crawler controls continue to apply'®. Google said
that when a site uses the shared ’policy token’ to opt out
of training without explicitly naming Google-Extended, it
will treat this as a disallow of Google-Extended, and that it
aims to support the control in 2027'7. According to press re-
ports, Anthropic has already adopted the signal, Microsoft
plans to support it next year, and Meta signalled support
without committing to honour it'®. The semantics of these
signals come from the vocabulary and attachment drafts
of the IETF AI Preferences (AIPREF) working group'®°,
whose charter explicitly places technical enforcement of
preferences, client authentication and auditing of Al train-
ingoutof scop621. Training preferences, in other words, are
becoming expressible and uniform, but their binding force
still rests mainly on voluntary compliance and regulatory
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pressure. 1. A unified formalization (equations (1)-(6)) of quality-

A parallel shift is under way at inference time, and it
shows up more directly as a price. DeepSeek’s official
documentation states that its Search and Fetch APIs are
billed per successful request at US$0.75 per 1,000 calls
each, and that server-side search and fetch calls triggered
when its API is used through DeepSeek Harness, Claude
Code or Codex are billed from 00:00 Beijing time on 1
November 2026%2. Anthropic’s web search tool costs US$10
per 1,000 searches, with retrieved content billed separately
as input tokens and carried into later turns*; OpenAlI's
price list likewise separates web-search tool calls from
search-content tokens, charging some models a fixed block
of 8,000 input tokens per call**. On the publisher side,
Cloudflare has piloted pay-per-crawl since 2025, negotiat-
ing with crawlers through HTTP 402 responses and a price
header?; researchers have proposed protocols such as
terms.txt, which declares per-path, per-purpose machine-
access terms backed by signed receipts®®, as well as pricing
agents that set pay-per-crawl prices for heterogeneous con-
tent®’.

Why does retrieval pricing matter now? Because agents
are turning retrieval from an occasional lookup into a
continuous background load. The Super-agent design de-
scribed by the DeepSeek Harness team is a persistent,
event-driven agent that spans sessions and advances sev-
eral tasks in parallel; the team says internal instances al-
ready run continuously on messaging and code-hosting
platforms?®. A characterization of production agent work-
loads found heavy cross-request redundancy in search
queries and web fetches across three applications, with
tool-result caching removing 35.2% of redundant search
calls (per the paper)?’. Once the number of retrieval calls
scales with an agent’s uptime rather than with the number
of user questions, per-call billing stops being rounding er-
ror and becomes a structural cost.

Existing discussions leave three gaps. First, training-side
restrictions are usually reported as token shares, but re-
striction correlates positively with source quality, so token-
share figures systematically understate the effect on model
quality'*1314, Second, research on data-constrained scal-
ing, on scaling with synthetic rewrites and on scaling
retrieval-augmented models belongs to separate communi-
ties and is rarely placed in a single cost ledger®*-*3. Third,
enterprises almost never treat “should this knowledge be
trained into the model or looked up each time?” as a com-
putable decision — yet once retrieval is metered, that deci-
sion has a well-defined break-even point.

Our central thesis is that the open web is turning from
free feedstock into a metered input: training is constrained
by declarable preference signals and inference by per-call
billing; because restrictions concentrate on high-quality
sources, the marginal source of model capability is shift-
ing from crawl scale to rights-aware data mixtures and bud-
geted retrieval, and enterprises should manage data rights
and retrieval calls as first-class cost items on a par with com-
pute. We make three contributions:

weighted restriction, effective data under constraint,
per-call retrieval cost, budgeted gating and the
internalize-versus-retrieve break-even, with a notation
table. It shows why token-share restriction under-
states losses and how retrieval prices decide whether
knowledge belongs in parameters or in retrieval.

2. A framework of four input channels X three control sig-
nals, and a mechanism-level comparison of five routes
— crawling at scale, licensed and openly licensed cor-
pora, synthetic rewriting, inference-time retrieval, and
private data with small domain models — with evi-
dence for and against each.

3. A rights-aware data and retrieval budgeting algorithm
(Algorithm 1), seeded illustrative calculations, and five
forecasts, each with a time horizon, evidence, falsifica-
tion condition and enterprise implication.

The paper is organized as follows. Section 2 gives the for-

malization and notation; Section 3 the framework; Section

4 the mechanism analysis and route comparison; Section

5 the algorithm; Section 6 the illustrative calculations; Sec-

tions 7-10 cover forecasts and a research agenda, common

misconceptions, limitations and conclusions.

Problem formalization and notation

Quality-weighted restriction

Let the candidate training corpus consist of domains (or
sources) d = 1,...,D. Source d contributes nq tokens, has
quality weight wyq € [0,1] (its marginal contribution to
downstream capability, often approximated by a model-
based quality classifier’?), and restriction indicator o4 €
{0,1} (training is disallowed by robots.txt, an Al-preference
signal, a TDM reservation or the terms of service). The
token-weighted and quality-weighted restriction rates are

Ptok = Ed nqoq / Zd Ng, Pq= Zd ngwq04 /Zd 1)
ngwq
Taking expectations with token weights gives a simple but
important identity:

Pq — Prok = Covy(w, 0) / En[w] (2)

Equation (2) says that whenever restriction correlates pos-
itively with quality (Cov,(w,0) > 0), the token-share fig-
ure understates the cut to effective data, by exactly the co-
variance divided by mean quality. The audits cited above
— 5% of all tokens versus 28% of critical sources, 55% of
high-factual news outlets versus 4.1% of right-leaning ones
— are empirical signs that this covariance is positive (per
the papers)'14. The indicator o4 can be generalized to a
compliance probability: preference signals carry no built-
in enforcement?34, and providers’ implementation time-
lines differ8, so the data that actually enter training pass
through two filters — declaration and compliance.
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Effective data under constraint

Restriction directly reduces the number of unique tokens
U. Muennighoff and colleagues model the declining value
of repeated data as an exponential decay; after R repetitions
the effective data are

D’=U + U-R*(1 — exp(—R/R*%)),

A/N®+ B/D"* ®

where R* is the decay constant for the value of repetition
and L takes the Chinchilla form!®3!. According to the pa-
per, with a fixed compute budget, up to about four epochs
of repetition yield negligible changes in loss relative to
unique data; with more repetition the value of added com-
pute eventually decays to zero3!. Equation (3) implies that
restriction first compresses U, that repetition can compen-
sate only up to a ceiling, and that — because U shrinks
more in its high-quality part (equation (2)) — what really
needs replenishing is Y ,ngwy, not Y ng.

L(N,D)=E +

Per-call retrieval cost

The per-task cost of inference-time retrieval splits into gen-
erated tokens, retrieval calls and back-filled retrieved con-
tent. Let tool k (search, fetch and so on) cost py per success-
ful call, be called my times, and back-fill T;x input tokens
per call; with input and output token prices ci, and Coyt,

Crask = CinTin + Cout Tour + Zk mk(pk + CinTr,k) (4)

The bracketed term px + cinTrx is the effective price per
retrieval, pegr. The decomposition has an often-overlooked
corollary: because retrieved content is billed as input to-
kens and may occupy the context again in later turns?-4,
back-filled tokens can dominate retrieval cost even when
the call itself is cheap; and since the position of evidence in
a long context affects how well it is used, stuffing in more
is not the same as using more*.

Budgeted gating

For a query x, let a(x) be the probability of a correct answer
without retrieval and r(x) the probability with retrieval; the
marginal utility of retrieval A(x) = r(x) — a(x) can be neg-
ative (retrieval harm). A gate g(x) = 1[u(x) > 1] decides
whether to retrieve on the basis of a computable uncer-
tainty score u(x), with the threshold t set by a budget b:

max: E[a(x) + g)AX)] st E[gX)]<b,  Cra
= E[g(0)]-m-peg

This formulation matches budget-aware evaluation that re-
casts active retrieval as utility estimation: retrieval is valu-
able only through its marginal correctness change over
a no-retrieval answer, and nominal thresholds may miss
target usage on future data (per the paper). Training-
free gating from the logits of a short draft>’, reinforcement
learning that separates the decision to search from problem
solving®, search agents that recognize their own knowl-
edge boundary® and tool-efficiency rewards*’ can all be
read as different implementations of u(x) or g(x); Self-RAG
and Adaptive-RAG, which routes by question complexity,
were early forms of the idea**42,

(5

The internalize-versus-retrieve break-even

A body of knowledge can be trained into the parameters
(licensed, curated, trained or distilled, and refreshed as the
knowledge changes) or looked up each time. Let the one-
off internalization cost be Cjic + Cirain, the cost per refresh
Cret, the knowledge half-life 1, the planning horizon H and
the mean number of retrievals per query m. Internalizing
beats retrieving when

QH'I’)_’l'peﬁ‘ > Clic + Cipain + Cref‘H/Tk, ie.
(Ciic + Cirain + CrefH/ )/ (m'peﬁ)

Equation (6) turns the familiar enterprise question “should
this knowledge go into the model?” into a computation:
the larger the query volume Qy, the more expensive re-
trieval and the more stable the knowledge (larger i), the
stronger the case for internalizing; volatile knowledge and
sparse queries favour retrieval. This is consistent with
the retrieval-augmented literature — RETRO, Atlas and
MassiveDS show that larger datastores can trade for fewer
parameters at equal or better performance on knowledge
tasks*3434 — equation (6) simply places those findings in-
side a budget constraint that includes prices and licences.

= ()

Notation
Table 1 summarizes the notation.

Analytical framework: four input channels and
three control signals

Placing equations (1)—(6) in a system view, the channels
through which a large model acquires knowledge from the
outside world fall into four groups: crawling the open web
at training time, licensed and openly licensed corpora at
training time, synthetic and rewritten data at training time,
and retrieval at inference time. Each channel is acted on by
three kinds of control signal: declaration (what the content
owner allows or disallows), pricing (how much each unit
of access costs) and enforcement (who ensures that declara-
tions and prices are honoured). Table 2 sets out the frame-
work.

The three signals must be separated because they are
maturing at different speeds. Declaration is standardiz-
ing quickly: the IETF vocabulary distinguishes usage cate-
gories such as Al Training (train-ai, using an asset to mod-
ify a model’s learned parameters), Al Use (ai-use, using
an asset as input to a generative AI model) and Search
(search, applications whose primary purpose is to select
assets and direct users to their location), and states that a
recipient processes only the expression methods it has im-
plemented®; the attachment draft defines how these pref-
erences are carried in HTTP and robots.txt?°. TDMRep,
which predates AIPREF, addresses rights reservation un-
der the EU text-and-data-mining exception®>. Pricing is
still at the pilot and proprietary stage: publisher-side pay-
per-crawl, tool-side per-call search, and academic propos-
als for HTTP 402 negotiation with signed receipts?22>26,
Enforcement is the weakest layer: the robots.txt specifica-
tion itself states that “these rules are not a form of access
authorization”®*, and the AIPREF charter excludes techni-
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Table 1 | Main notation

Symbol Meaning Where
ng, Wgq, Oq Source tokens, quality weight, restriction indicator (or compliance  Eqgs (1)-(2)
probability)

Proks Pq Token-weighted and quality-weighted restriction rates Eqs (1)-(2)

U,R,R*, D’ Unique tokens, repetitions, repetition decay constant, effective data Eq. (3)

Px> My, Tri, Peft Tool price, number of calls, back-filled tokens, effective price per Eq. (4)
retrieval

a(x), 1(x), A(x), u(x), 7, b Correctness without/with retrieval, marginal utility, uncertainty Eq. (5)
score, threshold, budget

Ciic> Ctrains Cref> Tk» Q* Licence, training and refresh costs, knowledge half-life, break-even Eq. (6)

query volume

Table 2 | Four input channels X three control signals: representative mechanisms, main risks and observable indicators

Channel Declaration Pricing Enforcement Main risks Observable
indicators
Open-web crawling robots.txt, AIPREF Mostly zero; Voluntary compliance  Quality-weighted loss  piok, Pqs restriction by
(training) train-ai, TDMRep, pay-per-crawl pilots plus law (EU TDM exceeds token loss; quality quantile
terms of service opt-out) source skew

Licensed and openly Licence text and data ~ One-off licence fee or

licensed corpora cards Zero

(training)

Synthetic and rewritten Generator licence and  Generation compute
data (training) terms of use

AIPREF search and
ai-use, site terms

Inference-time
retrieval

Per-call price plus
back-filled tokens

Contracts and licences

Internal governance

Platform billing and
site blocking

Faulty licence
metadata; limited scale
and diversity

Model collapse,
narrowed distributions,
inherited generator
bias

Cost grows with agent
uptime; retrieval harm

Licence-verification
coverage, corpus
diversity

Rewrite share, retained
real-data share, verifier
pass rate

Calls per task, realized
retrieval rate, pefr

cal enforcement®!. Real constraint comes mainly from law

and compliance pressure. Article 53 of the EU AI Act re-
quires providers of general-purpose models to put in place
a policy to comply with Union copyright law, to identify
and comply with rights reservations under the TDM excep-
tion, and to publish a summary of training content*®, and
the accompanying General-Purpose AI Code of Practice
contains a copyright chapter?’. China’s Interim Measures
for the Management of Generative Al Services require,
in Article 7, the use of data and foundation models from
lawful sources and prohibit infringing others’ intellectual-
property rights*s.

The mismatch between layers has two direct conse-
quences. First, the same page is usable by different
providers at different times, so the snapshot date of a
training corpus becomes part of the recipe. Second, finer-
grained declarations allow training and retrieval to be
treated separately: a site can permit search while forbid-
ding training (for example, train-ai=n, search=y), which
pushes its knowledge out of the parameters and into re-
trieval — and hence into the priced ledger of equations (4)-
(6). The next section examines the mechanisms channel by
channel.

Mechanism analysis and route comparison

Training side: semantics, force and quality skew of

preference signals

The first mechanical effect of preference signals is to re-
place site-by-site naming of crawlers with a single declara-
tion that covers every participating party. OpenAl framed
the benefit as sparing website operators the work of main-
taining separate rules for each provider'®; Google gave a
concrete interpretation rule: a shared token that opts out of
training, with Google-Extended not explicitly specified, is
treated as a disallow of Google-Extended!”. Once the cost
of declaring falls, the number of declarations should rise
— and it should rise fastest among sources with editorial
teams, legal resources and high-quality content.

The second effect is quality skew. The covariance term
in equation (2) is not a theoretical construct. The gap in Al-
crawler blocking between reputable and misinformation
news sites, the positive correlation between factual report-
ing and blocking, and the finding that politically neutral
outlets restrict most (58%) while hyperpartisan and low-
factual sites restrict less (per the papers)'>!* all point the
same way: a crawler that honours preference signals sees
aweb tilted towards lower-quality and more polarized con-
tent. Longpre and colleagues warn accordingly that, if re-
spected or enforced, these restrictions will rapidly bias the
diversity, freshness and scaling laws of general-purpose Al
systems (per the paper)!!. There is a temporal skew too:
analyses of open pretraining corpora find that a model’s
effective knowledge cutoff often differs from its reported
cutoff, partly because new Common Crawl dumps contain
substantial amounts of old data (per the paper)*. When
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fresh high-quality content is blocked while old content
stays in the snapshots, freshness declines further.

The third effect concerns memorization and copyright
risk, which in turn strengthens content owners’ motive
to block. Early work showed that verbatim training data
can be extracted from large models®®, and that memoriza-
tion grows log-linearly with model capacity, the number
of times an example is duplicated and the length of the
prompting context (per the paper)'; measurements on 14
open-weight models and 200 books show that most mod-
els do not memorize most books, but that there are notable
exceptions (per the paper)®>. This structure of evidence
means the rights question cannot be dismissed with “the
risk is small on average”, and it makes content owners more
inclined to declare first and negotiate later.

Filling the gap with repetition, rewriting and li-
censed corpora

There are three ways to fill the training-side gap, each with
its own mechanism and limits.

The first is repetition. Equation (3) shows that mod-
est repetition costs almost nothing but yields diminishing
returns®!. Recent work refines this conclusion. Baron
and colleagues note that past data-constrained prescrip-
tions held hyperparameters such as weight decay fixed with
scale, which can make loss rise with compute; transfer-
ring hyperparameters with scale and adding ensembling
reduced validation loss by more than 0.15 nats on 100M
FineWeb tokens (per the paper)>. Another study finds
that the ranking of repetition counts changes with model
size; in a 520M-parameter Proof-Pile-2 experiment, cutting
repetition from sixteen to eight epochs improved loss (per
the paper)>*. When data are scarce and compute plentiful,
masked diffusion language models make better use of re-
peated data than autoregressive models (per the paper)>>.
The common implication is that, under restriction, how
many passes to make over the same data — and how —
becomes a recipe variable that must be calibrated to scale.

The second is synthesis and rewriting. Phi-1 com-
bined about 6B tokens of “textbook-quality” web data with
about 1B tokens of GPT-3.5-generated textbooks and exer-
cises to train a 1.3B-parameter code model reaching 50.6%
pass@1 on HumanEval (per the paper)®, showing that
high-quality synthetic data can stand in for large volumes
of raw data. Roberts and colleagues’ rewriting scaling
law, which charges the compute spent generating rewrites,
finds that the optimal rewrite fraction rises with compute,
from under 10% at 3x1018 FLOPs to 32% at 1022 FLOPs;
in a data-limited setting with only a fixed seed corpus, a
model trained on rewrites of its own pretraining data, pro-
duced by a rewriter of the same size, beats the best natural-
data-only run at every size up to 3B parameters (per the
paper)*2. Synthetic data have known failure modes, how-
ever. Shumailov and colleagues reported in Nature that in-
discriminately training on model-generated content causes
irreversible defects in which the tails of the distribution dis-
appear®’; self-consuming loops without enough fresh real
data lose quality or diversity generation by generation>®.

The counter-evidence is equally clear: if synthetic data ac-
cumulate alongside real data rather than replacing them,
test error has an upper bound independent of the num-
ber of iterations®; an external verifier can prevent collapse,
but in the long run drives the model towards the verifier’s
own “knowledge centre”, and with an imperfect verifier
early gains plateau or reverse®. In terms of equations (1)-
(3), synthetic rewriting amplifies the high-quality U that
remains; it does not recover information unique to blocked
sources.

The third is licensed and openly licensed corpora. A
best-practices report on open datasets published in Jan-
uary 2025 still noted that no model had yet been trained
at meaningful scale on open-access and public-domain
data alone®'; in June the same year, Common Pile v0.1
assembled about 8 TB of public-domain and openly li-
censed text from 30 sources, and two 7B-parameter mod-
els trained on it performed competitively with Llama 1 and
Llama 2 7B at similar compute (per the paper)®?. Code
had precedents earlier: The Stack includes only permis-
sively licensed source code and provides an "Am I in The
Stack” lookup and removal process®?; its second generation
is built on the Software Heritage archive®. These efforts
show that licence-clean corpora can reach usable scale.
Their limits are diversity and freshness — news, industry
reports and professional-community content are precisely
what is least often released under open licences.

Inference side: retrieval moves from free extra to me-
tered service

The original motivation for retrieval-augmented genera-
tion was to separate knowledge from parameters so that
it could be updated and attributed®>%. RETRO, with a 2-
trillion-token database, matched GPT-3 on The Pile with
about 25X fewer parameters; Atlas exceeded 42% accuracy
on Natural Questions with only 64 examples, beating a
540B-parameter model by 3 points with 50x fewer parame-
ters; and MassiveDS, a 1.4-trillion-token datastore, showed
that a smaller model with a large datastore can outperform
a larger LM-only model on knowledge-intensive tasks (all
per the papers)’***,  WebGPT, Toolformer, ReAct and
Search-R1 then turned retrieval from a fixed pipeline into
an action the model chooses®”-7°, and benchmarks such as
BrowseComp measure persistent search for hard-to-find in-
formation as a capability in its own right”!.

The route carried an implicit premise: retrieval calls are
cheap, and those being searched are willing to be searched.
Both premises are changing at once. On price, px in equa-
tion (4) is now an explicit line in public price lists, and it
can differ by more than an order of magnitude between
providers???3. On availability, a study of 11,500 real queries
found that sites blocking Google’s Al crawler are signif-
icantly less likely to be cited by AI Overviews, and that
generative and traditional search retrieve very different
sources (average Jaccard similarity below 0.2) (per the pa-
per)’%; work on the digital commons warns that if peo-
ple turn to generative Al for information and stop con-
tributing, public knowledge may become undersupplied
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and the open web may close through access restrictions’s.
Retrieval, in short, cannot unconditionally substitute for
blocked training data: the AIPREF vocabulary lets content
owners declare training, Al use and search separately®,
and pay-per-crawl lets "searchable” be priced as well>>?7,

Price divergence also changes what evaluations mean.
BrowseComp relies on live web-search APIs, whose dy-
namic and opaque behaviour hampers fair comparison be-
tween deep-research methods; BrowseComp-Plus switches
to a fixed corpus with human-verified supporting docu-
ments in order to isolate the retriever’s contribution’.
Once retrieval is metered, two systems with equal accuracy
but a threefold difference in calls are, for an enterprise, two
entirely different products.

When to retrieve: gating, budgets and retrieval harm
The crux of equation (5) is that A(x) can be negative.
Budget-aware evaluation of active retrieval finds that re-
trieval harm is non-negligible, that router rankings change
across datasets and budgets, that nominal thresholds can
miss target usage, and that simple uncertainty or retrieval-
score baselines often rival learned utility routers (per the
paper)3¢. That gives enterprises a pragmatic starting point:
first bring the retrieval rate down with a cheap gate, then
consider sophisticated learned routing.

Current methods implement gating at three levels. At
inference, TARG computes uncertainty from the prefix log-
its of a short, context-free draft and retrieves only above a
threshold, with no extra training®’. In training, AdaSearch
uses a two-stage, outcome-driven reinforcement-learning
framework that decouples problem solving from the deci-
sion to search, substantially reducing unnecessary search
calls at a small accuracy cost relative to always search-
ing (per the paper)®; IKEA uses a knowledge-boundary-
aware reward so that the agent prefers internal knowl-
edge”; and ZEST-Search reduces redundant searches with
a tool-aware reward in a zero-label setting®. At the sys-
tem level, caching and deduplication act directly on m: the
heavy redundancy in production search and fetch traces
means that a sizeable share of retrieval spending need not
be incurred®.

Counter-evidence: why pessimism is unwarranted

Our thesis is easily misread as “the open web is running
dry”, so counter-evidence deserves equal space. First, fore-
casts of the data stock carry wide intervals: Villalobos
and colleagues estimate that, if trends continue, training
datasets will approach the stock of public human text be-
tween 2026 and 2032 (per the paper)*®, while noting that
synthetic data, transfer from data-rich domains and data-
efficiency gains could sustain progress. Second, advances
in filtering and deduplication keep raising the value of
each token: RefinedWeb showed that properly filtered and
deduplicated web data alone can train strong models®, and
FineWeb and DCLM showed that model-based quality fil-
tering is key to a high-quality training set”®. Third, openly
licensed corpora and rewriting scaling laws already offer
workable paths3%%2. Fourth, preference signals are hon-

1821 5o their

oured voluntarily and on scattered timelines
short-term effect on released models is limited.

This counter-evidence does not overturn the thesis; it cal-
ibrates its strength. The problem is not that data are disap-
pearing, but that free high-quality data are shrinking in a
way token shares cannot reveal — and that every way of
filling the gap, whether repetition, rewriting, licensing or
retrieval, carries a measurable price.

Table 3 compares the five routes side by side.

Method: rights-aware data and retrieval budget-

ing
We condense the analysis into an executable procedure.
The goal of Algorithm 1 is to decide, under given com-
pute, licensing and retrieval budgets, which knowledge en-
ters the training mixture and which is left to retrieval, and
where to set the retrieval gate — while leaving an auditable
rights ledger.

Algorithm 1 embodies three design choices. First, step
1 treats preference state as time-varying data rather than
a one-off compliance tick box, echoing the snapshot-time
biases revealed by Dated Data**. Second, the order of
step 3 reflects the counter-evidence: licensed corpora come
first because they solve quality and auditability together;
rewrites are appended, never substituted, because accumu-
lation avoids collapse and replacement does not>”*°. Third,
step 5 requires reporting realized usage and harm rates
rather than accuracy alone, as budget-aware retrieval eval-
uation recommends>®.

Illustrative calculations

All numbers below are illustrative; they show how equa-
tions (1)-(6) interact. Scripts and the random seed
(20261104) are in src/figs.py; they do not represent mea-
surements of any real system.

Quality-weighted restriction. =~ We simulate 20,000
sources: token counts are log-normal, quality weights fol-
low Beta(2,3), and the probability of restriction rises with
quality through a logistic function. The token-weighted
restriction rate pyx is 11.3% and the quality-weighted pq
is 16.9%, a gap of 5.6 percentage points that matches the
right-hand side of equation (2), Cov,(w,0)/E,[w]. By qual-
ity decile, restricted tokens make up about 0.5% of the low-
est decile and about 43.0% of the highest (Fig. 1). The same
report of "roughly a tenth of the data restricted” can thus
correspond to losing about a sixth of the effective data and
more than two-fifths of the top sources.

The internalize-versus-retrieve break-even. Assume a
one-off licence-plus-training cost of US$20,000, US$2,000
per refresh, a 12-month horizon, three retrievals per query,
3,000 back-filled input tokens per retrieval and an input-
token price of US$0.30 per million (illustrative). We take
two public price points for retrieval calls: US$0.75 and
US$10 per 1,000°*%. The effective price per retrieval peg
is then US$0.00165 and US$0.0109 respectively; notably, at
the lower price point the back-filled tokens (US$0.0009) al-
ready cost more than the call itself. By equation (6), with
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Table 3 | Mechanism comparison of five routes to data and knowledge (evidence mostly from papers or official sources)

Route Source of Marginal cost Quality and skew Freshness Compliance Best fit
capability structure risk auditability

R1 Crawling at Scale of the open Crawl and filter Restriction Snapshot- Requires retaining  Base layer of

scale with web compute, near-zero correlates with dependent; preference state at  general foundation

preference filtering licence fees quality; skew effective cutoff snapshot time models

R2 Licensed and
openly licensed
corpora

R3 Synthesis and
rewriting

R4 Inference-time
retrieval and search
agents

R5 Private data
with small domain
models and
in-house retrieval

Licence-clean text
and code

Amplifies retained
high-quality data

External real-time
information

Enterprise
documents and
data

One-off licence or
curation cost

Generation
compute
(computable via
scaling laws)
Per-call price plus
back-filled tokens

Internal curation
and training; low
marginal retrieval
cost

towards low-quality

and polarized
content

Limited diversity
and timeliness

Collapse and
narrowing;
inherited generator
bias

Retrieval harm;
availability changes
with declarations
Narrow coverage

often lags

Low to medium

Depends on seed
data

High

Set by the
enterprise’s update
cadence

High (licences and
data cards)

Medium (log
generator and
share)

Medium to high
(citations and calls
can be logged)
High (data stay on
premises)

Legally sensitive
settings; models
with public recipes
Data-limited,
compute-rich

Volatile knowledge,
low query volume

Stable internal
knowledge, high
query volume

Algorithm 1 | Rights-Aware Data and Retrieval Budgeting (RADRB)

Input: Candidate sources {d} (tokens nq4, quality score wq, robots.txt/ AIPREF/TDMRep/terms status at crawl time); inventory of li-

censed and openly licensed corpora; knowledge needs {k} (expected query volume Qy, half-life tx); tool prices {px}, back-fill token
price ciy; compute, licensing and retrieval budgets b

Output: Training mixture (natural/licensed/rewritten shares), knowledge partition (internalize or retrieve), gate threshold t with ex-

pected retrieval rate, rights and call ledger

: Build the source ledger: for each d record crawl time, the verbatim preference declaration and its hash, and each provider’s imple-
mentation status; record o4 as a compliance probability, not a Boolean

: Compute pk and pq by equations (1)-(2) and report restriction by quality quantile; flag "quality skew” if pq — prok €xceeds a preset
threshold

: Fill the gap: first replenish high-quality U with licensed and openly licensed corpora; then reach D’ with scale-calibrated repetition
per equation (3); finally, compute permitting, add rewritten data — appended, never substituted for real data — and spot-check
with a verifier

: Partition knowledge: for each k compute Q* by equation (6); internalize (train, distil or pre-index in the enterprise knowledge base)
where Qx > Q* and i is long; leave the rest to retrieval

: On a held-out set choose the gate threshold t by equation (5) so that the realized retrieval rate stays within b; report retrieval-harm

rate, threshold-transfer error and calls per task m

6: Enable result caching and query deduplication on the retrieval path; recompute pes and m weekly
7: Re-run steps 1-6 monthly or whenever preference signals or price lists change; version the mixture, threshold and ledger

Complexity and applicability: Steps 1-2 are O(D); step 4 is O(K); step 5 sorts Q held-out queries in O(Q log Q). Suited to enterprise
deployments with known query volumes and price lists; for sources whose quality wq cannot be estimated, fall back to token weighting

and say so in the report

a knowledge half-life of one month the break-even volume
is about 8.89 million and 1.35 million queries a year; with
a 12-month half-life it falls to about 4.44 million and 0.67
million (Fig. 2). The more expensive retrieval and the more
stable the knowledge, the sooner internalizing pays.
Budgeted gating. We simulate 10,000 queries: correct-
ness without retrieval follows Beta(2.2,1.6); retrieval harms
8% of queries and helps the rest by varying amounts; the
gate uses a noisy uncertainty score. Never retrieving gives
58.0% accuracy; always retrieving gives 69.4% at about
US$32.7 per 1,000 queries in retrieval fees (US$10 per 1,000
calls, three calls each). With a 30% retrieval budget, the un-

certainty gate reaches 64.1% at about US$9.8, and an oracle
router at the same budget reaches 66.2% (Fig. 3). The gate
captures about 53% of the accuracy gain for 30% of the re-
trieval spend, the oracle about 71%; the difference is the
ceiling on what learned routing is worth.

Table 4 is not a claim about any real system. The mech-
anism it conveys is that the same restriction share and the
same retrieval accuracy can, once weighted by quality and
by cost, call for entirely different engineering decisions.
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Table 4 | Summary of illustrative calculations (fixed random seed 20261104)

Calculation Key settings

Result Equation

Quality-weighted restriction
with quality
Effective price per retrieval
million
Break-even query volume
retrievals per query
Budgeted gating
budget

20,000 sources; restriction probability rises
3,000 back-filled tokens at US$0.30 per
US$20,000 fixed, US$2,000 per refresh, 3

10,000 queries, 8% retrieval harm, 30%

Prok 11.3%, pq 16.9%, top decile 43.0% Egs (1)-(2)

US$0.00165 (low tier), US$0.0109 (high tier) Eq. (4)

7=1month: 8.89M / 1.35M; T = 12 months: Eq. (6)
4.44M / 0.67TM

Accuracy 58.0%—64.1% (oracle 66.2%,
always 69.4%); fees US$32.7—9.8 per 1,000

Eq. (5)

token-weighted p_tok =11.3%
401 — quality-weighted p_q =16.9%

Restricted tokens (%)

1 2 3 4 5 6 7 8 9 10
Source-quality decile (1 = lowest, 10 = highest)

Fig. 1 | Restriction rises with source quality. The
token-weighted restriction rate (dashed) understates the
quality-weighted rate (solid); the gap equals the covariance term
in equation (2). Illustrative data, fixed random seed, computed
by the HX Research Team.
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Fig. 2 | Break-even query volume for internalizing versus
retrieving. Above a curve, internalizing is cheaper; below it,
retrieving is cheaper; higher retrieval prices and longer
knowledge half-lives lower the break-even point. Illustrative
parameters, computed by the HX Research Team from equation

(6).
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Fig. 3 | Accuracy versus retrieval rate under budgeted
gating. The uncertainty gate yields most of its gain at low
retrieval rates; the oracle router marks the ceiling for the same
budget. Illustrative data, fixed random seed, computed by the
HX Research Team.

Forecasts and research agenda

The following are the views of the HX Research Team, not
statements of fact.

The research agenda contains four open problems. First,
how can pq be estimated without accessing blocked con-
tent? The quality score wy itself requires the content — a
self-referential problem. Second, can data attribution sup-
port payment by contribution? Influence functions now
scale to models with 52B parameters’>, but turning them
into a settleable unit of account remains distant. Third, can
the causes of retrieval harm be predicted, turning A(x) in
equation (5) from an after-the-fact statistic into a prior es-
timate? Fourth, when training and retrieval are declared
separately and what a model “remembers” conflicts with
what it "finds”, which should prevail, and how should the
conflict be shown to users?
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Table 5 | Five forecasts (views)

No. Forecast Horizon Main evidence Falsified if Enterprise implication

1 Technical reports and data 12-24 months Shared preference signal'®!’; By end-2028, technical reports Add preference handling and
summaries of major models EU Article 53 training-content of major open-weight models ~ snapshot dates to
will routinely disclose how summary*®; measured quality ~still say nothing about due-diligence checklists for
training-preference signals skew!314 preference-signal handling built or procured models
were handled and the corpus
snapshot date; “restriction by
quality quantile” will start to
appear on data cards

2 Agent evaluations will report ~ 6-18 months ~ Metered retrieval?>23; By end-2027, leaderboards of ~ Add call counts and peg to
retrieval calls and fees per fixed-corpus benchmark#; the main search-agent internal acceptance criteria
solved task alongside accuracy, budget-aware evaluation3° benchmarks still report
and fixed-corpus evaluation accuracy only
will become standard for
search agents

3 Inpublic pretraining recipes,  12-24 months Rewriting scaling law’?; By 2028, rewrite shares in Log generator versions and

rewritten and synthetic data
will commonly exceed a fifth
of the mixture, written in as

accumulation avoids
collapse; data-constrained
prescriptions®

major public recipes remain
below 10% with no visible
quality loss

rewrite shares in the recipe
ledger

appended rather than
substituted data

4 Open, cross-vendor standards
drafts for pricing and receipts
in machine access will appear,
moving HTTP 402-style
negotiation from proprietary
CDN features to standards

5 For stable internal knowledge,
enterprises will increasingly
adopt private corpora with
small domain models and
in-house retrieval, setting the
scope of internalization by the
break-even in equation (6)

12-24 months

AIPREF charter?!

6-12 months

gating3”-38

Pay-per-crawl?’; terms. txt?6;
pricing agents®’; limits of the

Retrieval-augmented
scaling33#3; per-call billing??;

By end-2028, no standards
body has adopted a work item
on payment and receipts for
machine access

Budget and procure for
sources that are “searchable
but paid”

Within a year, enterprise
surveys show external retrieval
fees below 5% of total
inference spend, managed by
no one

Keep an internalization list
and refresh cadence for
high-volume knowledge
domains

Where common industry views may be wrong

”Only a small share of data is restricted.” True by token
count, false by quality weight. Equation (2) shows that the
gap equals the covariance of quality and restriction divided
by mean quality, and current measurements show that co-
variance to be positive!:'314, Budgeting by token share un-
derestimates the cost of replacing data.

”Synthetic data can replace real data indefinitely.” Syn-
thetic rewriting does follow scaling laws>2, but substitutive
self-consuming loops collapse®”*8, and verifiers can only
pull a model towards their own knowledge centre®. Syn-
thetic data amplify the information that remains, not the
information unique to blocked sources.

”Retrieval always beats no retrieval.” Retrieval harm is
non-negligible, and thresholds may miss target usage on
new data’®; in long contexts, evidence position affects how
well it is used3. Retrieval should be gated, not on by de-
fault.

”Tool calls are cheap, so retrieval cost is negligible.”
Per-call prices can differ by an order of magnitude across
providers???3, and back-filled tokens are billed on top?*;
when agents run continuously, call counts grow with up-
time232°. In our illustrative calculation, back-filled tokens
already cost more than the call itself at the lower price
point.

”Preference signals are binding, so compliance makes

us safe.” The robots.txt specification states plainly that its
rules are not access authorization3*, and the AIPREF char-
ter excludes technical enforcement?!; the legal basis for
compliance still comes from copyright law and sector regu-
lation*®*8, Preference signals lower the cost of expression;
they do not replace legal judgement.

”Openly licensed corpora cannot train good models.”
Common Pile’s 7B models perform competitively with
Llama 1 and Llama 2 7B at similar compute (per the
paper)®?, and The Stack showed that permissively li-
censed code alone can match previously reported code-
benchmark results (per the paper)®®. The weakness of
openly licensed corpora is coverage and freshness, not
trainability.
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Limitations

This paper has five limitations. First, quality-weighted
restriction depends on the definition of the quality score
wy; different classifiers will give different py, and we ar-
gue only for the direction and structure of the gap, not
for its value on real corpora. Second, the implementation
details of preference signals are still changing, and some
providers’ timelines come from announcements and press
reports!'®!8; forecasts based on them may need adjustment.
Third, price lists can change at any time; the prices in
our illustrative calculations serve only to show structure.
Fourth, equation (6) assumes internalized knowledge is as
good as retrieved knowledge, whereas internalizing can in-
troduce hallucination or staleness and retrieval can intro-
duce source noise. Fifth, nothing here is legal advice; spe-
cific copyright and data-compliance judgements should be
made by qualified professionals.

Conclusion

Returning to the central thesis: the open web is turning
from free feedstock into a metered input. On the training
side, preference signals let “may this be trained on?” be de-
clared once and apply everywhere, while restrictions con-
centrate on high-quality sources, so token-share losses are
systematically understated. On the inference side, per-call
billing turns every retrieval into an explicit cost item, am-
plified as agents run continuously. The marginal source
of model capability is therefore shifting from crawl scale to
two things that can — and must — be computed: rights-
aware data mixtures and budgeted retrieval.

In the context of HX’s products, the thesis lands in two
places. According to the company website, Deep Hope S1
supports on-premises deployment, offers RAG over com-
pany policy, industry regulation and product material as its
factual base, cites the source of every answer and declines
to answer without one, and builds specialized capability
through industry-model distillation’® — route R5 in Table
3. The Harness governance engine of the Enterprise Agent
Platform executes tool calls through a controlled MCP/API
interface, with the governance layer holding the final say”’,
which can carry the call ledger and budgeted gating of Al-
gorithm 1. For enterprises, the transferable asset is not a
corpus crawled once but a continuously updated ledger of
rights and calls.

Key points:

1. Read data through equation (2): weight restriction by

quality; the gap equals covariance over mean quality.

Fill the gap through equation (3): license first, repeat

second, rewrite last — and append rewrites, never sub-

stitute them.

3. Price retrieval through equation (4): the effective price

per retrieval includes back-filled tokens.

Govern calls through equation (5): gate retrieval, and

report realized usage and harm rates.

5. Partition knowledge through equation (6): internalize
high-volume, stable knowledge; retrieve the rest.
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