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Abstract

Pretraining corpus releases report how much
duplication their pipelines removed, but we are
not aware of one that estimates how much they
missed. Measuring the residue is difficult be-
cause two recall problems apply at once: detec-
tors miss duplicates they cannot see, and any
tractable subsample misses duplicates whose
partners were not sampled. In this paper we
address both. We 1) run four detectors with dis-
tinct failure modes over a corpus and treat them
as capture occasions, 2) recover what all four
missed through capture–recapture, and 3) invert
the sampling rate that produced the subsample,
so that the result describes a full 15-trillion-
token corpus rather than a convenient slice of
it. The design is scored first against a planted
population of known size, where it recovers
89.2% of the truth from a 44.5% detected rate
while remaining a lower bound. Applied to
the 14,868,862-document sample-10BT re-
lease of FineWeb, 4.50% of probes have a sur-
viving near-duplicate, and capture–recapture
raises that to 4.81% (95% CI 4.37–5.26). In-
verting a sampling rate of one document in
1,532 then carries the figure to the corpus and
gives a lower bound of 68 on the mean near-
duplicate degree of a FineWeb document. Near-
duplicate here means lexical overlap at Jaccard
0.35 or above. The bound is on a mean and
not on a prevalence, since our design leaves
the share of documents with any surviving du-
plicate anywhere between 7% and 73%. The
survivors also carry a positional signature. The
two copies of an exact-duplicate pair sit a mean
34.4% of the corpus apart against 33.3% ex-
pected under uniform sampling, which supports
reading them as residue of FineWeb’s deliber-
ate per-snapshot deduplication. A deduplicated
corpus, therefore, is not a duplicate-free corpus,
and the size of the gap can now be measured in
one streaming pass.

1 Introduction

Deduplication is a standard stage of pretraining-
data pipelines, because duplicated text distorts
training. Duplicates drive memorization (Carlini
et al., 2023), they inflate effective epochs on re-
peated content (Lee et al., 2022), and they leak
evaluation data into training (Jacovi et al., 2023).
Typically, corpus reports quantify the stage by what
it removed. FineWeb, RefinedWeb and Dolma each
describe their pipelines and the fraction of text dis-
carded (Penedo et al., 2024, 2023; Soldaini et al.,
2024), and readers are left to assume that the re-
mainder is clean. No release we are aware of esti-
mates the duplication that survived. The claim that
a corpus is deduplicated is therefore unfalsifiable
in practice.

Two distinct recall problems stand between a cor-
pus and a correct residual number, and prior work
addresses neither. The first is detector recall. Any
similarity detector has a threshold, and duplicates
below it are invisible, so reporting what one de-
tector found says nothing about what all detectors
would find. The second is observation recall, and
it has, to our knowledge, gone unnoticed. Corpora
at web scale are studied through subsamples, but
duplication is a pairwise property, so a subsample
destroys it quadratically: a sample retaining a frac-
tion p of documents retains only about p2 of the
duplicate pairs. A duplication rate measured on a
subsample and reported as a property of the corpus
is thus too low by a factor of roughly 1/p, which
at the sampling rates web-scale work actually uses
means orders of magnitude.

We solve both problems in one design. For de-
tector recall we borrow capture–recapture, the es-
timator that ecology and census science use when
detection is known to be incomplete (Chao, 1987;
Fienberg, 1972; Hook and Regal, 1995). Each du-
plicate detector becomes a capture occasion, each
document a unit, and the cell of documents that
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every detector misses is what the estimator recov-
ers. For observation recall we invert the sampling
rate analytically. The rate at which sampled doc-
uments find a partner inside the sample is a first
moment of the population degree distribution, so
dividing by p recovers the mean number of dupli-
cates a document has in the whole corpus, without
any distributional assumption.

The design is applied to FineWeb (Penedo et al.,
2024), whose sample-10BT release is small
enough to index completely and popular enough
that its properties reach many training runs. We 1)
fingerprint all 14,868,862 documents in one pass,
2) query the full index with 10,000 random probes
and record which of four detectors finds a near-
duplicate for each probe, and 3) calibrate the whole
stack against synthetic injections at three perturba-
tion strengths.

Our contributions are the following. First, we
introduce capture–recapture as a measurement in-
strument for corpus filters, an application for which
we can find no precedent in NLP, and we calibrate it
on a population whose size we set ourselves, which
establishes both what the estimator recovers and
where it stops working. Second, we show that sam-
pling inversion is necessary, and that omitting it
understates residual duplication in FineWeb by a
factor above 1,500. Third, we report a corpus-level
result: an average FineWeb document has at least
68 near-duplicates elsewhere in the corpus, a bound
that holds without any assumption about how du-
plication is distributed. The bound is on a mean
degree, however, and says nothing about what share
of documents carries a duplicate, which we treat
throughout as unmeasured. Fourth, we read the
mechanism off a positional signature rather than
assuming it; the signature supports the interpre-
tation that the survivors are predominantly cross-
snapshot pairs, left by FineWeb’s documented de-
cision to deduplicate each snapshot independently
after cross-snapshot deduplication had measurably
hurt downstream models. Finally, we release fin-
gerprints, capture histories and estimation code, so
that any corpus that can be streamed once may be
audited the same way.1

2 Related Work

Deduplication and its measurement. Dedupli-
cation pipelines are built from four families of

1Code and artifacts: https://github.com/
garyzhang1006/residual-duplication-audit

method: exact substring removal (Raffel et al.,
2020), document-level MinHash with locality-
sensitive hashing (LSH) (Lee et al., 2022; Broder,
1997), SimHash (Charikar, 2002), and embedding-
based semantic deduplication (Abbas et al., 2023).
The downstream value is established: removing
duplicates lowers memorization and leaves accu-
racy intact or better (Lee et al., 2022). Evaluation
of these pipelines, however, measures yield rather
than residue. Elazar et al. (2024) probe what large
corpora contain, duplication included, and report
rates found by exact n-gram matching, but without
estimating what that matching misses. Corpus doc-
umentation studies such as Dodge et al. (2021) re-
construct a pipeline’s effects in depth, and pipeline
ablation studies such as Parmar et al. (2024) and
Longpre et al. (2024) measure how construction
choices change downstream models. None of them
estimates detector recall, which is the quantity that
converts a found rate into a corpus property.

Contamination as the adjacent problem. Work
on benchmark contamination shares our structure,
since it also asks how much of something a detector
failed to see (Jacovi et al., 2023; Deng et al., 2024;
Riddell et al., 2024). Chang et al. (2023) infer
membership at scale from an indirect signal. That
literature has converged on better detectors; the
complementary move, we argue, is to estimate the
recall of whatever detector is in hand.

Capture–recapture. The estimator has a long
history in census undercount and epidemiological
prevalence work (Fienberg, 1972; Chao, 1987), re-
viewed with its failure modes by Hook and Regal
(1995). The closest precedent outside those fields
is software inspection, where multiple imperfect
inspectors serve as capture occasions to estimate
undetected defects (Petersson et al., 2004). To our
knowledge the method has not been applied to text
corpora. Deduplicated corpora are the difficult case
for this transfer. The duplicates that remain are the
ones a competent detector already failed to catch,
which is exactly the situation an estimator built for
undetected populations addresses.

3 Two Recall Problems

Let the corpus contain M documents. Build the
near-duplicate graph on them, joining two docu-
ments when their similarity exceeds the threshold,
and write K − 1 for the degree of a uniformly cho-
sen document, so that K counts the document to-
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gether with its near-duplicate neighbors. We work
with degree rather than with cluster membership,
and the choice is deliberate. Near-duplication at
a fixed Jaccard threshold is not transitive, so the
corpus does not partition into duplicate families,
and any quantity defined through such a partition
would depend on how one closed the relation. De-
gree needs no such choice. The quantity a corpus
card should report is thus E[K− 1], the mean num-
ber of near-duplicates a document has. A related
quantity is Pr(K ≥ 2), the share of documents
with at least one. Exact-hash identity, by contrast,
is a genuine equivalence relation, so exact dupli-
cates do partition into clusters, and we use cluster
language only there.

A study of the corpus through a uniform sample
of m = pM documents observes neither. A sam-
pled document sees a partner only if at least one
of its neighbors was also sampled, which happens
with probability 1− (1− p)K−1. Writing r for the
observed within-sample rate,

r = E
[
1− (1− p)K−1

]
≤ pE[K − 1]. (1)

The inequality is Bernoulli’s and it holds for ev-
ery p and every K, so r/p is a lower bound on
E[K − 1] unconditionally rather than in a small-p
limit. Equation 1 is the observation-recall correc-
tion, and it is model free: only the first moment
enters, and nothing is assumed about the shape of
the degree distribution. Documents with degree
large enough to saturate the exponential contribute
less than proportionally, which is what makes the
direction of the bound safe.

The second correction sits inside r itself. A study
measures r̂, the rate at which its detectors flag a
partner, and r̂ ≤ r whenever detection is imper-
fect. Capture–recapture recovers r from the overlap
structure of several detectors. The two corrections
compose, since the first acts on the sampling design
and the second on the instrument, and neither is
identifiable from the other’s data.

4 Method

Corpus and fingerprints. All 14,868,862 docu-
ments of sample-10BT are streamed once. Per
document we compute an exact hash of the first
8,000 normalized characters, a 64-permutation
MinHash signature over word 5-grams, and a 64-bit
SimHash over character 4-grams. Indexes are re-
built in memory from the fingerprints, so the design
needs one pass and stores no text beyond the 500-
character heads used for verification. Peak memory

stays under 16 GB and the full run completes in 6.3
hours on commodity CPU. Every random choice
derives from fixed seeds recorded in the released
code, so the run reproduces exactly.

Sampling rate. sample-10BT is a uniform
random sample of whole documents from the
FineWeb release described by Penedo et al. (2024),
which draws on 96 Common Crawl snapshots run-
ning from CC-MAIN-2013-20 to CC-MAIN-2024-
18. Fixing the denominator needs care, however,
because the public dataset has since grown to 110
snapshots and its headline row count now covers
dumps that postdate the sample. Summing the
per-snapshot row counts over exactly those first
96 snapshots gives M = 2.277× 1010 documents,
against 2.589×1010 for the corpus as it now stands.
We confirmed that sample-10BT contains no
document from a post-2024-18 snapshot, so the
smaller figure is the correct denominator, and it
yields p = 6.529×10−4, or one document in 1,532.
Using the current row count instead would inflate
every corpus-level number in this paper by 13.7%.
The entire inversion rests on the uniformity of the
sample as well as on M , and we therefore test uni-
formity empirically in §5.5 rather than relying on
the dataset card.

Four capture occasions. For each probe docu-
ment we record which detectors find at least one
other document that qualifies as a near-duplicate.
Detector E is exact-hash identity. Detectors A
and B split the MinHash signature into two dis-
joint 32-permutation families, each with its own
16-band LSH index, and each verifies candidates
against its own half-signature at estimated Jaccard
≥ 0.35. Sixteen bands over 32 permutations puts
two rows in a band, which places the soft LSH
threshold near (1/16)1/2 = 0.25, below the verifi-
cation threshold of 0.35. The band step therefore
proposes candidates a little below the estimand, and
the verification step does the cutting. The interval
between the two is the boundary region charac-
terized in §5.8. Because the families use disjoint
random permutations, they are independent draws
of the same detection process conditional on a doc-
ument’s true similarity to its nearest neighbor, and
that conditional independence is what identifies the
unobserved cell. Detector S buckets documents by
the top 16 bits of the SimHash, accepts a candi-
date within Hamming distance 8, restricts itself to
documents of at least 300 characters, and verifies
every hit with a character-shingle Jaccard of at least

172



0.2 so that SimHash collisions cannot inflate cap-
tures. The single-block bucketing is a deliberate
weakness rather than an oversight. A guaranteed
Hamming-8 search would need nine blocks by the
pigeonhole argument, whereas one 16-bit block
finds a pair at distance d only when all d differ-
ing bits fall outside it, which happens for 8.5% of
pairs at d = 8. Capture–recapture tolerates such a
channel, since an occasion may have any recall so
long as its misses are accounted for, and the con-
sequence is the small S-only cell in Table 1 rather
than bias.

Candidate caps. Both index lookups cap a
bucket at 2,000 candidates. Boilerplate collides
heavily in LSH, and without a cap a handful of
probes would dominate the runtime of the whole
pass. A capped bucket may exclude a genuine
partner, but it can only remove captures and never
create them, which makes every rate we report a
lower bound for this reason as well as the others.
The original run did not count how often a cap was
reached, and we report that as an instrumentation
gap rather than as a threat, since the direction of
the effect is fixed. The frequency still matters for
judging whether the resulting bias is negligible,
however, so the released pipeline now counts cap
hits per detector and writes them alongside the cap-
ture histories. Any rerun will report the number
this run does not.

Estimation. The 10,000 capture histories pop-
ulate a 24 table (Table 1). Three estimators of r
are reported. The naive rate counts probes flagged
by any detector. The Chapman-corrected Lincoln–
Petersen estimator uses only detectors A and B,
the pair whose conditional independence follows
from the construction rather than from an assump-
tion. The Chao lower-bound estimator uses single-
ton and doubleton capture counts and requires no
model selection (Chao, 1987), following the Good–
Turing argument that the frequency of once-seen
units carries the information about unseen ones
(Good, 1953). For completeness we also fit Pois-
son log-linear models over the observed cells, with
all subsets of up to two pairwise interactions, and
read the unobserved cell from the fitted intercept
(Fienberg, 1972). Among these we select both by
the Akaike information criterion (AIC) and by AIC
weighting (Buckland et al., 1997). Every estimator
carries a 2,000-draw bootstrap over probes that re-
runs the full estimation, model selection included,
on each resample.

History n History n

none 9,550 A+B 240
A only 72 A+B+S 82
B only 48 B+S 1
S only 3 E+A+B 1

E+A+B+S 3

Table 1: Capture histories for 10,000 probes. E = ex-
act hash, A/B = the two disjoint MinHash families, S
= verified SimHash. The large A+B overlap and the
near-symmetric A-only and B-only cells are the pattern
independent channels should produce.

Injection calibration. A 6,000-document pool is
reserved during streaming. We generate synthetic
near-duplicates by deleting 5%, 15% or 30% of
words with occasional local reordering, and run the
full detection stack on 2,000 injections per strength.
The recovery rates define the instrument’s scope.

5 Results

5.1 What the sample shows

Direct detection flags 450 of 10,000 probes, a rate
of 4.50% with bootstrap 95% CI 4.10–4.90. The
Chapman estimator on the two MinHash families
gives 4.58% (4.16–4.98), and Chao gives 4.81%
(4.37–5.26). Table 2 collects the estimators with
their intervals. The three agree to within a third of
a percentage point. Such agreement indicates that
the detector stack is close to saturation within its
similarity scope, so the residual uncertainty about
the sample is small.

The detector marginals explain where that agree-
ment comes from. MinHash family A captures 398
probes and family B captures 375, and 326 probes
are captured by both. Exact hashing captures 4
and verified SimHash captures 89, of which only 3
are captured by SimHash alone. The design there-
fore has two strong, symmetric occasions and two
weak ones, which is enough for Chao and Lincoln–
Petersen, but not enough for a four-way log-linear
fit.

5.2 Validation on a known population

Before trusting the estimator on a population we
cannot see, we ran it on one we constructed. Each
injection batch contains exactly 2,000 planted near-
duplicates, so the true population is known and the
estimators can be scored against it (Table 3).

At 5% word deletion the detectors find 1,990
of 2,000 and nothing is left to estimate, so every
method returns the same answer. The informative
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Bootstrap Corpus
Estimator Rate 95% CI E[K−1] ≥
Detected (naive) 4.50% 4.10–4.90 68.9
Lincoln–Petersen 4.58% 4.16–4.98 70.1
Chao (primary) 4.81% 4.37–5.26 73.7
Chao (bias-corr.) 4.81% 4.37–5.26 73.7

Chao, dep.-adjusted 5.40% — 82.7

Table 2: Within-sample near-duplicate rate by estimator,
with 2,000-draw bootstraps that rerun the full estimation
on each resample, and the corpus-level bound each rate
implies through Equation 1. The upper block is what
we report. The final row divides the Chao rate by the
89.2% recovery it achieved on the planted population
of §5.2, which is our best available handle on detector
dependence and heterogeneity; §5.7 explains why we
treat it as a sensitivity rather than as the headline. Two
log-linear variants are unstable under resampling and
appear in Appendix B.

case is 15% deletion, where direct detection finds
890 and misses more than half of the planted pop-
ulation. Chao recovers 1,784, which is 89.2% of
the truth, and Lincoln–Petersen recovers 1,332, or
66.6%. Both stay below the true value, as the the-
ory requires of a lower bound under heterogeneous
catchability, and Chao doubles the naive count in
the right direction. At 30% deletion the instrument
is blind, only six injections are found at all, and no
estimator can repair a design that captured almost
nothing.

One table thus establishes both the credibility of
the corpus estimates and their scope. Where detec-
tion is partial, Chao closes most of the gap; where
detection has collapsed, it correctly cannot. The
scope of that claim, however, is the perturbation
family we planted. Real web duplicates also arise
through templating, boilerplate edits, partial copy-
ing, truncation and markup change, so the 89.2%
figure calibrates the estimator under word deletion
with local reordering rather than measuring its re-
call on FineWeb’s own duplication process. What
the table licenses is the direction and the rough
magnitude of the correction, not a transferable re-
call figure.

5.3 Which estimator to trust

The log-linear route fails this test, and Figure 1
shows why we exclude it. AIC selection gives
4.64% at the point estimate, but a bootstrap interval
of 4.26–8.85, because five cells hold fewer than five
probes and the selected model changes under re-
sampling. AIC weighting, the standard remedy for

Deletion Truth Detected Lincoln–P. Chao

5% 2,000 1,990 1,990 1,991
(99.5%) (99.5%) (99.5%)

15% 2,000 890 1,332 1,784
(44.5%) (66.6%) (89.2%)

30% 2,000 6 15 21
(0.3%) (0.8%) (1.1%)

Table 3: Estimators scored against a known population
of 2,000 planted near-duplicates per batch. At 15%
deletion, where detection misses more than half, Chao
recovers 89.2% of the truth from a 44.5% detected rate
while remaining a lower bound.

detected Lincoln--
Petersen

Chao log-linear
(selected)

log-linear
(averaged)

4

5

6

7

8

9

10

pr
ob

e-
le

ve
l n

ea
r-

du
pl

ic
at

e 
ra

te
 (%

)

unstable under
resamplingreported (no model selection)

excluded (model selection)

Figure 1: Bootstrap distributions over 2,000 probe re-
samples. The three estimators on the left are stable and
mutually consistent. Both log-linear routes, including
AIC model averaging, inherit the instability of sparse
multi-detector cells and are excluded from the headline.

selection instability, does not help; Appendix B
gives both variants with their intervals and the
across-model spread. Reporting a log-linear head-
line here would be reporting an artifact of sparse
overlap cells. We therefore take Chao as the pri-
mary estimator, since it needs no model selection
and is a lower bound under heterogeneous catcha-
bility, and Lincoln–Petersen as a check whose inde-
pendence assumption can at least be derived from
the construction. That derivation is conditional on a
document’s latent similarity to its nearest neighbor.
Marginal dependence across documents survives it,
so both estimators should be read as conservative
lower bounds rather than as unbiased estimates.

5.4 The survivors are cross-snapshot

Scanning the full corpus, 51,972 documents share
their first 8,000 normalized characters byte-for-byte
with an earlier document, and 103,552 documents,
or 0.70% of the corpus, sit in an exact-duplicate
cluster of size two or more. The cluster spectrum
is almost pure pairing: 51,279 clusters of size two,

174



281 of size three, and a tail reaching a single cluster
of 36.

Where those pairs sit in the stream carries infor-
mation about their origin, but how much it carries
depends on how the stream is laid out. We mea-
sured the layout directly, by reading the snapshot
label of 40,000 documents in runs of 100 at 400
positions spaced evenly through sample-10BT.
The label changes 266 times in 39,600 adjacent
pairs, so one snapshot holds the stream for a mean
run of 149 documents, and 139 of the 400 runs stay
inside a single snapshot. Snapshots interleave at
that fine grain, and they do not run the length of the
corpus. The sampled documents of a given snap-
shot span a median 6.3% of the stream and at most
8.8%, and the regions appear in an order unrelated
to crawl date. Position is therefore a proxy for snap-
shot at the scale of a few percent of the stream, not
at the scale of a block of twenty. A within-snapshot
duplicate pair would fall inside one of those re-
gions, contributing separations under 9%, so failed
within-snapshot deduplication would pile mass into
the left tail of the histogram. Figure 2 shows no
such pile. Over the 51,279 clusters of size exactly
two, the observed mean separation is 34.4% of the
corpus span against 33.3% expected under uniform
document sampling, and the observed median is
30.3% against 29.3% expected. Only 1.4% of pairs
fall within 1% of the span.

Two readings follow. First, the histogram sup-
ports the interpretation that the surviving exact du-
plicates are predominantly cross-snapshot residue,
with the 3% excess over the uniform curve read-
ing as depletion of the same-snapshot diagonal by
a deduplication stage that worked. This matches
FineWeb’s documented design, in which each snap-
shot was deduplicated independently after global
deduplication had been tried and rejected for harm-
ing downstream performance. Second, and needed
for everything in §5.6, the agreement with the uni-
form curve is evidence that sample-10BT sam-
ples documents rather than files or shards. Shard-
level sampling would concentrate pairs and pro-
duce a visibly different histogram.

The measured region width also bounds how
much within-snapshot residue the histogram toler-
ates. Mixing a share f of within-snapshot pairs,
each uniform inside a region of width 0.09 and so
averaging 0.03, with cross-snapshot pairs averag-
ing the uniform 0.333, gives an overall mean of
0.333 − 0.30f . The observed mean of 0.344 lies
above the uniform value rather than below it, so the

0% 20% 40% 60% 80% 100%
separation of the two copies (fraction of stream)

0.0

0.5

1.0

1.5

2.0

de
ns

ity

observed exact-duplicate pairs (n=51,279)
uniform document sampling (theory)

Figure 2: Separation between the two copies of each
exact-duplicate pair, as a fraction of the corpus stream.
The observed distribution tracks the triangular density
expected under uniform document sampling, with a
slight shift away from zero. One snapshot spans at most
8.8% of the stream (§5.4), so surviving within-snapshot
pairs would show as mass in the left tail, and the tail is
if anything thinner than uniform.

model returns no positive f at all. The margin is
wide: over 51,279 pairs the standard error of the
mean separation is 0.0010, and even a one percent
within-snapshot share would sit thirteen standard
errors below what we see.

Position nevertheless remains a proxy, and a di-
rect measurement exists. FineWeb rows carry a
dump field naming the snapshot each document
came from, so storing one label per fingerprint
would replace the separation histogram with the
fraction of exact-duplicate pairs whose two mem-
bers disagree on that label. The run reported here
did not store it, but the released pipeline now does,
so the next application of this audit can report the
direct fraction. We prefer that number to ours, and
we report the proxy as a proxy.

5.5 Is the sample uniform?

The inversion multiplies by 1/p, a factor above
1,500, so uniformity of the sample carries more
weight here than a design assumption usually does.
The separation histogram of §5.4 tests it position-
ally, which leaves open any non-uniformity by doc-
ument length, domain or quality that keeps the sep-
arations intact. The release publishes the snapshot
label and the token count for every row, however,
and the 40,000 labelled documents described above
supply both.

Composition by snapshot is the sharper test,
since crawl date carries much of what varies across
the corpus. We group the 96 snapshots by crawl
year and compare each year’s share of the sample
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against its share of the release. Ten of the twelve
years agree within a 95% interval from a bootstrap
that resamples whole runs rather than documents,
and neither of the two that miss is off by as much
as a factor of two (Appendix E). Length agrees
more closely: the sampled documents average 700
GPT-2 tokens against a release mean of 659, so the
sample runs about 6% long, which we treat as an
upper estimate of the length skew because the pub-
lished token total is rounded. Neither check covers
domain or quality score, and 400 runs resolve a
single snapshot only coarsely. What they do rule
out is a sampler distorted by a factor rather than
by a tenth, the regime that would matter against a
correction of 1,500.

5.6 From the sample to the corpus
Applying Equation 1 with p = 6.529× 10−4 con-
verts the within-sample rates into corpus quantities:
the naive rate gives E[K − 1] ≥ 68.9, Lincoln–
Petersen gives ≥ 70.1, and Chao gives ≥ 73.7.
An average FineWeb document, then, has at least
68 near-duplicates elsewhere in the corpus. That
should be read as a lower bound on a mean degree
and not as a statement about a typical document,
since a mean over a heavy-tailed degree distribu-
tion can be carried by a minority of documents in
large clusters. The same inversion applied to exact
duplicates gives E[K − 1] ≥ 10.7, so the aver-
age document also has at least ten byte-identical
copies of its first 8,000 characters spread across the
corpus.

The mean does not by itself pin down how
many documents are affected. Since Pr(K ≥
2) · E[K − 1 | K ≥ 2] = E[K − 1], convert-
ing a mean of 68 into a prevalence would require
the mean degree among documents that have any
neighbor at all, and our binary capture design does
not measure that quantity. The resulting range is
wide. A conditional mean of 95, which one surviv-
ing copy per snapshot across 96 snapshots would
give, implies a prevalence of 72.5%, while condi-
tional means of 300 and 1,000 imply 23.0% and
6.9%. The whole range is compatible with our
data, so we report E[K − 1] as the result and treat
prevalence as unmeasured.

Two pieces of evidence favor the lower end of
that range without settling it. The exact-duplicate
spectrum puts at most 5% of its own first moment
in clusters with three or more co-sampled members,
so the observable heavy tail is not what carries the
mean. Independently, the corpus authors report

that deduplicating across snapshots removed more
than 90% of the base filtered data in the oldest
snapshots. Community measurements on FineWeb-
Edu find that roughly 75% of documents share text
with another document.2 A high prevalence with
moderate degree fits both observations, whereas a
low prevalence with degree in the thousands fits
neither. Recording neighbor counts rather than
binary capture would settle it in one additional
pass.

5.7 How far the inversion can be pushed

Three quantities control the corpus-level numbers.
The sampling rate enters linearly, so an error of
10% in the corpus size moves E[K − 1] by 10%
in the same direction. It is also the one sensitivity
we can check rather than assume, and the check
matters: summing per-snapshot row counts over
the 96 snapshots the sample was drawn from, rather
than over the corpus as it stands today, changes the
answer by 13.7%.

Saturation makes Equation 1 a bound, and the
size of the gap depends on where the degree mass
sits. At the per-snapshot ceiling of 96 the linear
approximation overstates the detection probability
by 3.0%, so the bound is nearly tight for exactly
the degrees the mechanism predicts, while the gap
widens to 26.5% at degree 1,000 and to 97.2%
at degree 55,000, the largest cluster our spectrum
implies. The true mean therefore sits above our
bound by an amount that grows with the weight of
the tail.

Detector dependence is the third quantity, and
the planted populations of §5.2 let us put a number
on it rather than only a direction. At 15% deletion,
where the same four detectors face the same latent-
similarity correlation they face on the corpus, Chao
recovers 89.2% of a known population and Lincoln–
Petersen recovers 66.6%. Read the Chao shortfall
as an estimate of the combined dependence and
heterogeneity bias, and divide through by it. That
moves 4.81% to 5.40% and E[K − 1] from 73.7
to 82.7, which Table 2 carries as its final row. We
do not adopt it as the headline, however, since a
planted population of single twins is neither the
mixture of degrees the corpus presents nor a sam-
ple of more than one perturbation family. It does
bound the discussion: the direction is up, and the

2Reported in the public discussion of the dataset reposi-
tory (fineweb-edu, discussion 7 on the HuggingFace hub),
where a dataset author confirms that the release deduplicates
each snapshot individually.
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Figure 3: Recovery of synthetic near-duplicates as a
function of perturbation strength, 2,000 injections per
point. Sensitivity collapses between 15% and 30% word
deletion, which fixes the similarity scope of every esti-
mate we report.

magnitude where we can check it is 11%, not a
factor.

The tail is real. Fitting a single cluster size to the
exact-duplicate spectrum through the S2/S1 ratio
gives κ = 11.6. That model then underpredicts
the higher cells badly, by a factor of 2.6 at three
co-sampled members and 59 at four, and it puts
clusters of five and six at effectively zero proba-
bility (Appendix D). Cluster sizes are heavy-tailed.
That is what web duplication should look like, and
it is what makes E[K − 1] ≥ 68 conservative.

5.8 What the instrument can see

Injection recovery is 99.5% at 5% word deletion,
44.5% at 15%, and 0.3% at 30% (Figure 3). The
estimand is therefore near-duplication at Jaccard
similarity of roughly 0.35 and above, and the instru-
ment says nothing about heavier paraphrase. Every
claim above is conservative as a result, since dupli-
cates too heavily rewritten for any of our detectors
are counted as absent.

Recovery is only half of a calibration, and the
other half matters here because capture fires on
a noisy statistic estimated from 32 permutations.
Appendix C works through the false-positive side
and finds it negligible: threshold noise on unrelated
documents does not manufacture captures. What it
does instead is blur the boundary between roughly
0.25 and 0.35 in true similarity, which moves where
the estimand sits by a little.

6 Discussion

The result changes what a deduplication report can
be read to mean. FineWeb’s pipeline is not bro-
ken, and the duplicates that remain follow from

a deliberate choice: the authors tried deduplicat-
ing across snapshots, found that it removed high-
quality text and hurt downstream performance, and
switched to per-snapshot deduplication. The corpus
card, however, does not state the size of the residue
that choice leaves. A practitioner who reads that
FineWeb is deduplicated has no way to anticipate
an average of 68 near-duplicates per document.

The two corrections differ enormously in size.
Detector recall moves the number by seven per-
cent relative, from 4.50% to 4.81%, for which four
detectors and a 24 table are the price. Observa-
tion recall, by contrast, moves it by a factor above
1,500.

That asymmetry suggests a reporting convention
that would cost almost nothing. A release reporting
residual duplication should give four things: the
rate its detectors found, the fraction p of the corpus
they ran on, the exact release the denominator M
came from, and the similarity threshold at which a
pair counts as duplicate. With those four numbers
a reader can apply Equation 1 without access to the
corpus. Without them a published rate cannot be
compared across corpora, or across versions of one
corpus. Pinning the release matters: FineWeb grew
from 96 to 110 snapshots between the paper and
the dataset card, and taking the denominator from
the card would have inflated every corpus number
here by 13.7%. A corpus that ships a residual es-
timate this way makes a falsifiable claim about its
own cleanliness, which is the property none of the
releases we surveyed has.

For a practitioner the finding has immediate uses.
Anyone auditing duplication in a subsample now
has a reason to expect their own rate to understate
the corpus, and the sampling rate they already know
converts one into the other. Anyone choosing be-
tween per-snapshot and cross-snapshot deduplica-
tion can weigh the downstream loss the FineWeb
authors reported against the residue their alternative
leaves, where previously only the first had a num-
ber. And our released fingerprints identify which
sample-10BT documents have a surviving near-
duplicate, so memorization work can compare the
two halves without recomputing anything.

The design should generalize, although one
corpus and one deduplication strategy leave the
broader claim resting on a single case. It needs one
streaming pass, no stored text and no GPU. Run-
ning it across RefinedWeb and Dolma, which both
deduplicated globally, would turn residual duplica-
tion into a property of pipeline design.
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Limitations

The corpus-level claims in §5.6 rest on the sam-
pling inversion, and the inversion rests on two con-
ditions. The first is uniformity. sample-10BT
must be a uniform sample of documents, which
we test two ways and find supported both times.
The first test, in §5.4, is positional. It would not
detect a non-uniformity in sampling probability by
document length, domain or quality that leaves the
separation distribution intact. This matters more
than a usual design assumption, because p mul-
tiplies the headline by a factor above 1,500. A
sampler favoring longer or higher-scoring docu-
ments, even by a modest margin, would move the
bound further than any other quantity reported here.
The stronger test compares document covariates
between the sample and the full release, and §5.5
reports what that comparison shows on the snap-
shot label and the token count. Those are the two
covariates the release publishes for every row. Do-
main and quality score are not covered, and they
remain untested. The second condition is the cor-
pus size, since p enters every corpus-level number
linearly. M is computed by summing published
per-snapshot row counts over the 96 snapshots the
sample was drawn from, which is verifiable, but
not something our own data can confirm. Taking
the current headline row count of the still-growing
dataset instead would inflate every corpus number
here by 13.7%.

Prevalence is the claim we cannot make. As §5.6
sets out, Pr(K ≥ 2) follows from E[K − 1] only
through the conditional mean degree, which our
binary capture design never observes, and the plau-
sible range spans 7% to 73%. Readers should take
E[K− 1] ≥ 68 as the result of this paper. It should
not be converted into a share of the corpus. An
earlier version of this work reported such a share,
derived from a ceiling of one surviving copy per
snapshot. Our own spectrum contains a cluster of
36 co-sampled members, implying roughly 55,000
copies corpus-wide, which violates that ceiling and
invalidates the derivation.

The capture–recapture side has its own limits.
Detectors A and B are described here as indepen-
dent capture occasions, but that holds only condi-
tionally, given a document’s true similarity to its
nearest neighbor. Across documents, all content-
based detectors correlate through that latent simi-
larity. The marginal dependence is therefore pos-
itive, and both Chao and Lincoln–Petersen are bi-

ased downward, which compounds with the lower-
bound direction of Equation 1. Detector S con-
tributes little independent information, with only
three probes captured by SimHash alone, so the
effective design has closer to two occasions than
four.

Our specificity check in §5.8 runs on the 6,000-
document held-out pool rather than on the corpus
index. A probe against the full index draws can-
didates that already share an LSH band, so their
similarity distribution is shifted upward relative to
a random pool pair. The pool measurement bounds
noise on unrelated text. It does not characterize the
boundary region between roughly 0.25 and 0.35,
which is where the threshold does its real work.
Repeating the check against the full index, which
our released fingerprints permit, would close that
gap.

The exact-hash detector keys on the first 8,000
normalized characters, which creates a threat to
§5.4 beyond simple miscounting. Templated sites
can share a long prefix across unrelated articles.
Such pairs would also scatter across snapshots and
reproduce the positional signature we read as evi-
dence of cross-snapshot survival. Among the 6,000
held-out pool documents, prefix agreement decays
fast: three pairs share the first 100 characters, two
share 200, and none share 500 or more out of nearly
18 million pairs. The evidence is real and weak at
once, however, because a random sample of a cor-
pus separates template siblings just as efficiently as
it separates duplicates, so the pool cannot contain
many of either. Settling the question needs a check
against the full index on document text, and our
released fingerprints do not carry it.

The scope, finally, is one corpus at one time,
and the deduplication design studied here is a sin-
gle one. The general claim that deduplication re-
ports understate residual duplication is therefore
supported by one case rather than by a compari-
son across pipelines. We measure near-duplication
at Jaccard 0.35 and above and say nothing about
paraphrase, which a semantic detector added as a
fifth occasion could reach, and which matters more
each year as generated text enters web crawls. Du-
plicates are planted by word deletion with local
reordering, so the 89.2% recovery describes the
estimator under that family and not under templat-
ing, boilerplate edits, truncation or markup change.
The calibration also has a resolution gap. Recov-
ery falls from 44.5% at 15% deletion to 0.3% at
30%, and no point in between was measured, so
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the sensitivity boundary that scopes every claim
in this paper is located only to within that interval.
Residual duplication is not connected here to any
downstream training outcome either. The paper
measures a corpus property without establishing
what it costs.

Ethics Statement

This work analyzes a public dataset and releases no
text beyond what FineWeb already publishes. The
released artifacts are hashes, capture histories and
code. Identifying which documents are duplicated
could in principle assist reconstruction of corpus
membership, but the fingerprints are one-way and
the underlying corpus is already open.

The quantity we measure has downstream stakes
beyond documentation practice. Repeated text
drives verbatim memorization, the mechanism by
which personal information and copyrighted pas-
sages reappear in model output (Carlini et al., 2023;
Lee et al., 2022). It is also the route by which eval-
uation material leaks into training sets and inflates
reported capability (Jacovi et al., 2023). A residue
the corpus card does not mention is a risk that no
model builder can price. Measuring it, as this paper
does, is the step that makes the risk visible. Re-
ducing it is a separate decision with its own cost,
since the FineWeb authors found that removing
cross-snapshot duplication hurt the models they
trained.
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A Reproducibility

Stage A streams sample-10BT once and writes
fingerprints; stages B through D read only those
fingerprints. The full run takes 6.3 hours on a sin-
gle commodity CPU with peak resident memory
under 16 GB, and it needs no GPU and no net-
work access after the corpus is available locally.
Two seeds fix every random choice, 20260811
for the corpus pass and 20260812 for estimation.
The first governs the MinHash permutation family,
the 10,000-probe sample, the 6,000-document in-
jection reservoir, and the perturbations applied to
injected copies; the second governs the 2,000-draw
bootstrap. PYTHONHASHSEED is pinned to 0 by a
re-exec at process start, so string hashing is stable
across machines, which the stage-resume logic de-
pends on. Re-running estimate.py against the
released capture histories reproduces every num-
ber in Tables 1, 2, 3 and 4 without touching the
corpus, and figures.py regenerates the figures
from the same artifacts. The repository holds the
pipeline, the capture histories, the injection results,
the bootstrap draws, and the estimation code.

B Log-linear estimators

Table 4 gives the two log-linear variants that §5.3
excludes. We fit Poisson log-linear models over the
observed cells of Table 1 with all subsets of up to
two pairwise interactions, reading the unobserved
cell from the fitted intercept (Fienberg, 1972), and
we select among them both by AIC and by AIC
weighting (Buckland et al., 1997). Both point es-
timates sit inside the range the stable estimators
cover, and both bootstrap intervals run to roughly
8.7%, nearly double the point estimate. The cause
is sparsity rather than a defect of the models: five
cells of the 24 table hold fewer than five probes, so
a resample can move the selected model between
specifications whose implied unobserved cells dif-
fer by an order of magnitude. AIC weighting av-
erages over that instability instead of removing it,
and the across-model standard deviation of the un-
observed cell is 51.5 against a point estimate of
38.8. A design with three strong occasions rather
than two would support this family of estimators;
ours does not.

C Specificity of the capture rule

Recovery is only half of a calibration, and the
other half matters here because capture fires on
a noisy statistic. A 32-permutation half-signature
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Estimator Rate 95% CI E[K−1]

Log-linear, AIC-sel. 4.64% 4.26–8.85 71.1
Log-linear, AIC-avg. 4.89% 4.28–8.64 74.9

Table 4: Log-linear variants, excluded from the headline.
Bootstrap intervals reach nearly twice the point estimate
because model selection is unstable over sparse overlap
cells.

estimates Jaccard with a standard error near 0.084,
so a document with many candidates gets many
chances to clear 0.35 by chance. We measured
the resulting false-positive rate two ways. Ana-
lytically, capture requires at least 12 of 32 min-
ima to agree, which for a pair with true Jaccard
J has probability Pr(Bin(32, J) ≥ 12): exactly
zero at J = 0, 2.1 × 10−8 at J = 0.05, and
3.3×10−5 at J = 0.10. Empirically, we compared
all 17,997,000 pairs among the 6,000 held-out pool
documents under both MinHash families, 36 mil-
lion comparisons in total, and the rule captured
none of them. Threshold noise on unrelated docu-
ments does not manufacture captures. It blurs the
boundary between roughly 0.25 and 0.35 in true
similarity, which shifts where the estimand sits by
a little and leaves unrelated text outside it.

D Exact-duplicate cluster spectrum

Table 5 gives the spectrum behind the heavy-tail
claim of §5.7.

Co-sampled Observed Single-size Ratio
members j clusters prediction

1 14,765,310 14,765,310 1.00
2 51,279 51,279 1.00
3 281 108 2.6
4 9 0.152 59
5 4 1.5× 10−4 2.6× 104

6 2 1.1× 10−7 1.8× 107

Table 5: Exact-duplicate cluster spectrum in the sample
against a single-cluster-size model calibrated on S2/S1

(κ = 11.6). The model is fitted through the first two
cells and fails from the third onward, which identifies a
heavy tail in cluster size.

E Composition of the sample by crawl
year

Table 6 compares the share of sample-10BT con-
tributed by each crawl year against the share the
96-snapshot release contributes, using the 40,000
documents whose snapshot label we read at 400
positions through the stream. Intervals come from

a 2,000-draw bootstrap that resamples the 400 runs
rather than the 40,000 documents, since documents
inside a run share a snapshot and are not indepen-
dent. The comparison is the covariate check §5.5
describes.

The two years whose release share falls outside
the bootstrap interval are 2021, where the sam-
ple holds 7.1% against 10.2% in the release, and
2024, where it holds 1.2% against 2.3%. The larger
gap falls in the year contributing 2% of the cor-
pus. Over all 14,868,862 documents the sampled
mean of 700 GPT-2 tokens implies 1.04× 1010 to-
kens, within 4% of the ten billion the release name
promises; the release reports roughly 1.5 × 1013

tokens over 2.277× 1010 documents.

Year Release Sample 95% CI Ratio

2013 1.91% 1.78% 0.8–3.0 0.93
2014 7.36% 7.43% 5.3–9.7 1.01
2015 8.25% 8.70% 6.8–11.0 1.05
2016 7.45% 8.19% 6.1–10.4 1.10
2017 14.46% 15.86% 12.9–19.1 1.10
2018 13.04% 12.13% 9.4–15.0 0.93
2019 11.63% 11.23% 8.6–13.9 0.97
2020 9.16% 10.32% 7.7–12.9 1.13
2021 10.20% 7.08% 5.0–9.3 0.69
2022 7.42% 9.37% 6.8–12.1 1.26
2023 6.82% 6.74% 4.6–9.1 0.99
2024 2.30% 1.17% 0.4–2.1 0.51

Table 6: Share of documents by crawl year, in the re-
lease and in sample-10BT. Bold marks the two years
whose release share falls outside the bootstrap interval.
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