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Abstract

One of the first pre-processing steps for con-
structing web-scale LLM pretraining datasets
involves extracting text from HTML. Despite
the immense diversity of web content, exist-
ing open-source datasets predominantly apply
a single fixed extractor to all webpages. In this
work, we investigate whether this practice leads
to suboptimal coverage and utilization of Inter-
net data. We first show that while different ex-
tractors may lead to similar model performance
on standard language understanding tasks, the
pages surviving a fixed filtering pipeline can
differ substantially. This suggests a simple in-
tervention: by taking a Union over different
extractors, we can increase the token yield of
DCLM-BASELINE by up to 71% while main-
taining benchmark performance. We further
show that for structured content such as tables
and code blocks, extractor choice can signif-
icantly impact downstream task performance,
with differences of up to 10 percentage points
(p-p-) on WikiTQ and 3 p.p. on HumanEval.

1 Introduction

Large language models (LLMs) are primarily pre-
trained on webpages crawled from the Internet,
such as from Common Crawl (Common Crawl,
2007). A key early step for building such web-scale
training datasets is to convert each page’s HTML
contents into plaintext. This is crucial not only be-
cause we wish to interact with models via natural
language but also because HTML can contain a lot
of unhelpful and auxiliary boilerplate such as navi-
gation bars, hidden elements, and visual styling.
Yet, while most existing research for LLM pre-
training datasets has focused on filtering, clean-
ing, and deduplicating already extracted text, rela-
tively little attention has been placed on extraction
itself. Indeed, the standard practice for leading
open-source datasets has been to select an exist-
ing rule-based extraction package and apply it uni-
formly to all of Common Crawl (Common Crawl,
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Figure 1: Different extractors lead to different final
pages. The Venn diagram shows the overlap in resulting
pages that come from applying the DCLM-BASELINE
pipeline to the outputs of three different initial extractors.
61% of pages are uniquely kept for just one extractor.

2007). For instance, DCLM-BASELINE (Li et al.,
2024) uses resiliparse (Bevendorff et al., 2018,
2021), FinedWeb-Edu (Lozhkov et al., 2024a) uses
trafilatura (Barbaresi, 2021), and Nemotron-
CC (Su et al., 2024) uses jusText (Pomikalek,
2011; Zamazal, 2024). These choices were mo-
tivated by qualitative inspection and findings that
extractors achieved comparable downstream perfor-
mance on standard benchmarks, differing mainly
in other aspects such as runtime efficiency (Li et al.,
2024) or token yield (Su et al., 2024).

In this work, we investigate whether this prac-
tice of applying a single extractor to all webpages
leads to sub-optimal usage of Common Crawl data.
We demonstrate that while different extractors may
result in similar aggregate performance on standard
language understanding benchmarks, this similarity
masks two critical issues: (1) extractors can cap-
ture complementary subsets of the web; (2) they
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exhibit larger differences in their ability to handle
structured elements such as tables and code blocks.

First, we show that different extractors can lead
to capturing surprisingly distinct portions of the
web. When applying a fixed post-extraction cura-
tion pipeline from DCLM-BASELINE, we find that
resiliparse, trafilatura, and jusText yield
substantially different sets of pages, with only 39%
surviving across more than one extractor (see Fig-
ure 1). This complementarity suggests a straight-
forward practical intervention: by taking the union
of surviving pages across multiple extractors, we
can increase the token yield from the DCLM-
BASELINE pipeline by 71% (and 58% when run-
ning further deduplication) while maintaining per-
formance on standard benchmarks. Further, this in-
creased yield translates to improved performance in
data-constrained settings which simulate the practi-
cal finiteness of the Internet.

Second, we examine webpage elements that
require specialized formatting—tables and code
blocks—finding that extractor choice has substan-
tial downstream impact. When isolating portions of
Common Crawl containing such elements, model
performance on relevant tasks depends heavily on
the extractor used. For tables, a 7B model trained
on resiliparse outputs outperforms those com-
ing from jusText and trafilatura by 10.3 and
8.2 p.p. (a 3.2x improvement) respectively on Wik-
iTableQuestions (Pasupat and Liang, 2016). For
code, jusText significantly underperforms both
alternatives, with degradations up to 3.6 p.p. on
HumanEval (Chen et al., 2021).

Overall, our findings challenge current extrac-
tion practices when curating general web data
for pretraining. While prior work has largely
found popular extractors to be interchangeable
when measured by common downstream model
evaluations, we show that extraction remains
an under-explored axis for improving pretrain-
ing datasets. Through more systematic evalua-
tion of three widely-used extractors (resiliparse,
trafilatura, and jusText) on Common Crawl,
we provide actionable guidance for practitioners:
using multiple extractors in parallel can substan-
tially improve data yield, and extractor choice can
significantly impact performance based on content
type. Our analysis demonstrates that more thought-
ful use of existing extraction tools can already yield
meaningful improvements in dataset curation.

2 Related work

In this section, we discuss existing extractors, their
usage in pretraining datasets, and filtering pipelines
for tables and code blocks. We focus on the most
relevant works here and defer an expanded discus-
sion to Appendix A.

Text extraction approaches. Earlier approaches
like jusText (Pomikalek, 2011; Zamazal, 2024)
work by segmenting HTML into blocks and then
classifying each as boilerplate or main content us-
ing heuristics based on features such as length,
link density, and stopword frequency. Introduced
around the same time, boilerpipe (Kohlschiit-
ter et al., 2010) similarly utilizes shallow text fea-
tures but in combination with learned decision trees.
More recently, trafilatura (Barbaresi, 2021) em-
phasizes a more balanced approach between pre-
cision and recall. It uses rule-based heuristics
that can fall back to other extractors like jusText
when needed, but differs in design philosophy by
capturing diverse content types (lists, tables, com-
ments) rather than focusing narrowly on full En-
glish sentences (as jusText does). Meanwhile,
resiliparse (Bevendorff et al., 2018, 2021) pri-
oritizes computational efficiency, using simple
tag and regex-based rules implemented in opti-
mized C++ code. In contrast, another line of ap-
proaches develops deep learning models as extrac-
tion classifiers, including web2text (Vogels et al.,
2018), boilernet (Leonhardt et al., 2020), and
neuscraper (Xu et al., 2024). While such efforts
may be promising, we limit our investigation to
rule-based extractors, which are easier to scale and
have been used by the largest open datasets.

Choosing text extractors for LLM pretraining.
Creators of the largest public pretraining datasets
have either used the extractions provided by Com-
mon Crawl (i.e., WET files) or existing rule-based
extractors. Datasets such as C4 (Raffel et al.,
2020; Dodge et al., 2021), RPJ (Together Com-
puter, 2023; Computer, 2023), and Dolma (Sol-
daini et al., 2024) used WET files. Meanwhile, The
Pile (Gao et al., 2021) and more recent state-of-
the-art efforts run other extractors to remove more
boilerplate. The FineWeb (Lozhkov et al., 2024a)
and RefinedWeb (Penedo et al., 2023) datasets
use trafilatura, while DCLM (Li et al., 2024)
prefers resiliparse due to its speed. In contrast,
Nemotron-CC (Su et al., 2024) uses jusText over
trafilatura as it yielded more tokens after run-
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ning the FineWeb-Edu filtering classifier. Likely
due to poorer scalability, neural-based extractors
have been tested minimally for large-scale pretrain-
ing, though Xu et al. (2024) show promising results
for < 410M parameter models. Notably, extractors
were also traditionally evaluated against human ex-
tractions, but these metrics don’t always predict
how well LLMs can be trained on extractor out-
puts. For instance, Bevendorff et al. (2023) finds
trafilatura to significantly outperform jusText
but the two perform similarly in Su et al. (2024).

Filtering for tables and code blocks. For tables,
the most relevant work is The WDC Web Table Cor-
pora (Lehmberg et al., 2016; Eberius et al., 2015).
This work filters <table> elements from two 2012
and 2015 Common Crawl dumps using various
heuristics and classifies them based upon their pur-
pose (e.g., whether the <table> contains true rela-
tional data or exists just for layout purposes). For
code blocks, Redstone-Code (Chang et al., 2024)
finds <code> elements, filters for genuine code
via regular expressions, and then extracts the par-
ent pages using the same approach as WET files.
A more recent concurrent work is Nemotron-CC-
Math (Mahabadi et al., 2025), which takes URLSs
from leading mathematics datasets and re-extracts
them using the 1ynx browser in combination with
Phi-4 (Abdin et al., 2024). While they did not
directly target code, they find that their dataset con-
tains many pages with code snippets and improves
their extractions, leading to better code generation
capabilities. Overall, our work uses similar filter-
ing methods for constructing datasets to study the
role of extraction (rather than to compete with these
approaches). We defer more detailed comparisons
to Sections 4 and 5 as well as Appendix A.

3 Different extractors lead to different
high-quality pages

We first examine the impacts of extractor choice on
standard English benchmarks, given a fixed (high-
quality) post-extraction data pipeline.

3.1 Experiment setup

We start with the original Common Crawl WARCs
that correspond to the 1B-1x, 7B-1x, and 7B-2x!
versions of DCLM-REFINEDWEB (Li et al., 2024)
and re-extract these pages using three different

'As in DCLM, the scale names refer to the model size and
the number of training tokens, given as a multiplier of the
Chinchilla optimal amount (Hoffmann et al., 2022).

extractors. While DCLM originally starts from
resiliparse extractions (with main_content set
to True), we now also try trafilatura and
jusText (both with default arguments) and then in
parallel repeat DCLM-BASELINE’s filtering and
deduplication procedures.

Given these three different versions of DCLM-
BASELINE, we then assess the overlaps in page
IDs? when taking Unions where we combine all
surviving pages across versions and remove du-
plicate IDs (i.e., for pages where multiple extrac-
tions survive, we keep only one version). When
deduplicating page IDs, we try two strategies for
picking which version to keep: Random chooses
one surviving extraction arbitrarily while Manual
defines a hard-coded preference ordering favoring
larger token yield: i.e., first resiliparse, second
trafilatura, and third jusText.

3.2 Results

We start by comparing existing extractors in our
setup. Then, we show that the resulting datasets
contain many non-overlapping pages, allowing us
to significantly improve data yield by combining
them in our Unions. Finally, we examine the bene-
fits of this approach in data-constrained settings.
How do existing extractors perform on stan-
dard tasks? Across our 1B-1x and 7B-1x results
in Table 1, we observe no consistent winner among
extractors. On CORE_V2, trafilatura and
jusText perform similarly while resiliparse
shows lower a score at 1B-1x but better perfor-
mance at 7B-1x. However, based on a preliminary
study of run-to-run variation at 1B-1x scale (see
Table 6), we find that these differences are likely
within the noise of single runs—when averaged
across three runs, the means (and standard devia-
tions) of resiliparse and trafilatura become
28.3+ 0.7 and 28.6 4= 1.0 respectively. Meanwhile,
MMLU is close to random chance at 1B-1x and
more variable at 7B-1x due to insufficient training.
Does combining extractors lead to better per-
formance? As evidenced by the increases in token
counts (Table 1) and overlap statistics (Figure 1) for
Union datasets, different extractors yield substan-
tially different pages. Further, these differences can
be systematic: Figure 2 (left) shows that on a non-
trivial portion of web domains, the vast majority of
surviving pages come from a single extractor. Over-
all, our Union datasets maintain performance on

’This is determined by the concatenation of the
WARC-Record-ID and WARC-Date metadata keys.
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Table 1: Using multiple extractors increases token yield while maintaining performance. We compare the token
yields and CORE_V?2 performance of using different extractors in the DCLM-BASELINE curation pipeline. “Union’
refers to combining the resulting pages from the individual extractors. The “Random” and “Manual” variants refer to
whether the pages in the intersection are selected randomly or according to a manually selected preference ordering:
i.e., resiliparse, then trafilatura, then jusText. This is also the ordering of the percentiles for Union methods
in the “fastText Threshold” column. Note that while we show MMLU performance at all scales for completeness,

’

we advise caution when drawing conclusions from it at 1B-1x and 7B-1x scales due to potential noise.

Training Scale \ Extractor fastText Thresholds Token Yield CORE_V2 MMLU
resiliparse 0.11 39B 28.5 24.7
1B-1x trafilatura 0.11 27B 29.6 25.7
(29B Tokens) jusText 0.11 25B 29.3 25.8
Union (Random) (0.11,0.11, 0.11) 55B 28.1 25.1
Union (Manual) (0.11,0.11, 0.11) 57B 29.2 24.1
resiliparse 0.11 193B 42.6 39.5
7B-1x trafilatura 0.11 135B 41.9 37.7
(138B Tokens) jusText 0.11 124B 412 34.5
Union (Random) (0.11,0.11, 0.11) 273B 41.3 33.6
Union (Manual) (0.11,0.11, 0.11) 283B 43.1 43.5
resiliparse 0.11 386B 47.4 52.9
resiliparse 0.15 540B 47.6 51.7
7B-2x resiliparse 0.18 650B 47.1 47.4
(276B Tokens) Union (Random) (0.11,0.11, 0.11) 546B 47.8 523
Union (Manual) (0.11,0.11, 0.11) 565B 479 51.4
Union (Random) (0.11, 0.15, 0.15) 639B 48.0 51.0
Union (Manual) (0.11, 0.15, 0.15) 662B 47.6 50.8

Distribution of Domain Imbalance Across Extractors Performance of Union Strategy in Data-constrained Settings
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Figure 2: (Left) Analysis of extractor imbalance across domains. We group pages from all three extractors (Top
11%) by domain. For every domain with at least 50 pages, we compute the maximum ratio represented by any
one extractor, plotting the distribution above. For 26.7% and 7.6% of domains respectively, at least 60% and 80%
of surviving pages come from just one extractor. (Right) Does higher yield lead to better performance when
data-constrained? We train 1B-5x models on smaller subsamples of data curated from the 1B-1x raw pool. The
Union datasets that yield more tokens are able to achieve better performance. See Table 7 for extended results.

DCLM’s CORE_V?2 evaluations while increasing
token yield by up to 71% when we relax filtering
thresholds for trafilatura and resiliparse to
top-15% (bringing their individual yields closer to
resiliparse’s). Meanwhile, we also see that per-
forming a Union over high-quality pages from each
extractor beats simply loosening the filtering thresh-
old from the original resiliparse-based dataset
when targeting a similar token count. That is, we
are able to recover high-quality pages better when
applying stricter filters across different extractors.

We note that our results do not prescribe an opti-
mal number or set of existing extractors to combine.
We chose to study three approaches that are each
battle-tested at scale but follow different heuris-
tics and design choices. Adding more extractors
may yield diminishing returns if they follow simi-
lar designs, or could perhaps significantly increase
coverage if they are markedly different (e.g., neural-
based or domain-specific). That said, our results re-
main a strong proof-of-concept that existing single-
extractor approaches can be improved.
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Does the Union operation simply reintroduce
duplicates? Despite deduplicating by page IDs,
it is possible that the Union operation could re-
introduce some fuzzy duplicates that were previ-
ously removed when running deduplication sepa-
rately for each extractor. More concretely, suppose
pages x1 and x5 are fuzzy duplicates both when we
use extractors e; and es. It could be that the individ-
ual deduplication runs arbitrarily end up removing
e1(x1) and ez(x2), leading to the Union contain-
ing a pair of fuzzy duplicates in e (x2) and ea(z1).
Whereas, if the same page was kept from both ex-
tractors, e.g., e1 (1) and ez (1), the deduplication
by page IDs would keep only one. To test whether
this occurs, we run a second round of DCLM’s
fuzzy deduplication on our Union datasets and find
that this decreases token count by 7-8%. While not
insignificant, the Union datasets still retain up to
58% higher yield compared to DCLM-BASELINE.

Meanwhile, we see from Table 2 that rededupli-
cation can have varying impacts on CORE_V2. At
1B-1x scale, the best result with rededuplication
is 1.0 p.p. lower than the best result without it.
Meanwhile, at 7B-1x scale, rededuplication yields
our best result of 44.1 which is 1.0 p.p. higher.
It remains unclear whether these differences stem
fully from variance or from more complex inter-
actions between scale, union type, and rededupli-
cation—for instance, whether systematic format
differences in cross-extractor duplicates may bene-
fit language modeling or whether Union (Random)
tends to combine better with rededuplication.

Does the Union operation lead to better per-
formance under data constraints? We explore
training models in settings where data is more con-
strained by the initial amount of “raw” Internet
data. This simulates the modern reality (albeit at a
much smaller scale) that the largest frontier model
runs may be approaching the limits of available
Internet data. Specifically, we train 1B-5x mod-
els on progressively smaller random subsamples of
our 1B-1x datasets. This means the Union datasets
which yield more tokens will allow for fewer effec-
tive repetitions during training (see Table 7). As
shown in Figure 2, this translates to larger perfor-
mance gains when data constraints are more severe.

4 Extraction of tables

Given the proliferation of tabular data in many real-
world applications, table understanding is an im-
portant skill for LLMs that has received growing at-

Table 2: Effect of reduplicating Union datasets. We
compare the token yields and CORE_V?2 performance
of our Union datasets with and without reduplication.
“Rededup” refers to running another round of dedupli-
cation on the Union dataset (now across the pages from
different extractors). Here we always take a Union over
the (0.11, 0.11, 0.11) thresholds. All other nomenclature
follows from Table 1.

Scale | Union Type Token Yield CORE_V2

Random 55B 28.1
1B-1x Manual 57B 29.2
Random w/ Rededup 51B 28.2
Manual w/ Rededup 53B 27.4
Random 273B 413
7B-1x Manual 283B 43.1
Random w/ Rededup 253B 44.1
Manual w/ Rededup 265B 41.8

tention (Ashury-Tahan et al., 2025a; Gardner et al.,
2024; van Breugel and van der Schaar, 2024). How-
ever, such capabilities are not often tested by those
proposing data curation techniques. Meanwhile,
Common Crawl contains a large amount of HTML
tables (Eggert et al., 2023) that could presumably
be used to learn such skills but which have also
been under-emphasized during curation. In this
section, we examine how different extractors be-
have on such pages and how these differences im-
pact downstream models using the WikiTQ tabular
understanding task (Pasupat and Liang, 2016).

4.1 CC-Tables: Filtering Common Crawl for
data tables.

We first filter down Common Crawl to a set of
pages that contain <table> elements which are
likely to be data tables, referring to the resulting
set of pages as CC-Tables. Inspired by the WDC
Web Table Corpora (Lehmberg et al., 2016), we
also use a combination of structural (e.g., based
on row/column counts and row consistency) and
model-based heuristics while simplifying the imple-
mentations of both (see Appendix A). Our dataset
and classifier model also differ in that they were:
(1) built using all pre-2023 Common Crawl dumps
as opposed to only two from 2012 and 2015; (2)
we focus on extracting whole pages rather than just
segments surrounding tables.

We found that our structural heuristics still left
in many tables that were unlikely to be helpful,
such as sizing charts for clothing products, landing
pages for forums, and empty calendars. We train a
fastText classifier with such tables as negative ex-
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Table 3: resiliparse is the most effective extractor
for CC-Tables pages. We compare the performance
of resiliparse, trafilatura, and jusText on pages
from our CC-Tables dataset. For each extracted version
of CC-Tables, we mix it with DCLM-BASELINE in a
20%-80% mix, train models, and evaluate on WikiTable-
Questions (WikiTQ). “No CC-Tables” refers to training
on only DCLM-BASELINE.

CC-Tables Extraction Model Scale ~ WikiTQ-Avg.
No CC-Tables 7B-2x 1.1
resiliparse 7B-1x 11.9
trafilatura 7B-1x 3.7
jusText 7B-1x 1.6

amples and tables from higher quality URLs (e.g.,
English Wikipedia and . gov domains) as positives.
We then use this model to score all tables and filter
out pages where no table is classified as positive.
Notably, this filtering pipeline for CC-Tables does
not yet apply any downstream extractor, allowing
us to then compare different extractions of these
pages while limiting potential bias. More details
are provided about CC-Tables in Appendix D.2.

4.2 Qualitative extractor differences

From our sample of pages provided in Ap-
pendix D.1, we observe jusText generally re-
moves tables altogether (also noted by Gao et al.
(2021)), while resiliparse and trafilatura for-
mat them in different ways. The former uses white-
space delimiting but can sometimes improperly
merge together columns, while trafilatura tries
to convert tables into a markdown format but can
fail to keep cell contents (see Figure 7). Given
these differences, a natural question is how this
affects performance under different fest-time seri-
alizations. The ToRR benchmark (Ashury-Tahan
et al., 2025b) allows us to study this question as it
implements running evaluations over seven differ-
ent serializations, including both space-delimited
(referred to as “‘concat”) and markdown.

4.3 Empirical Results

Training setup. We train various 8K-context mod-
els on mixes of 80% general web data (i.e., DCLM-
Baseline) and 20% CC-Tables after applying differ-
ent extraction algorithms. To train longer context
models efficiently, we use the Dataset Decomposi-
tion technique from (Pouransari et al., 2024). The
4 increase in context length compared to standard
DCLM models is important for our evaluations as

some serializations (e.g. HTML and JSON) in
ToRR lead to examples exceeding a context length
of 2048. For evaluation, we use a modified version
of ToRR’s (Ashury-Tahan et al., 2025b) implemen-
tation of WikiTableQuestions (WikiTQ) (Pasupat
and Liang, 2016). Specifically, we modify the set
of post-processors that ToORR uses to avoid inflat-
ing the scores of some shorter generations (see
Appendix D.3 for more details).

Which extractors are best for CC-Tables?
From our results in Table 3, we see that the
qualitative differences between extractors indeed
lead to significant quantitative differences on
WikiTQ. Unsurprisingly, jusText performs the
worst, while both resiliparse and trafilatura
lead to non-trivial improvements over training on
more tokens of DCLM-Baseline alone. Interest-
ingly, resiliparse performs markedly better than
trafilatura. We see from Figure 3 that while
resiliparse produces only space-delimited ta-
bles and favors “Concat” at test-time, it still leads
to the best performance on all test formats. Mean-
while, trafilatura leads to favoring markdown,
but suffers worse performance overall.

These results perhaps echo a similar finding
from Meta Al (2024) that markdown markers
can be harmful to models mostly trained on web-
crawled data. We also observe from Table 8 in
Appendix D.4 that our results hold even if we mod-
ify the mixture weights and use the trafilatura
version of DCLM-Baseline (i.e., it is not the re-
sult of conflicting extractors between the different
mixture components). However, we cannot rule
out the role of other extraction differences besides
formatting (e.g., how surrounding text is captured
or whether all data cells are actually retained).

Can CC-Tables patch tabular performance
for DCLM-7B-8k? Finally, we see in Table 4
whether CC-Tables-resiliparse can help close
the sizable gap between DCLM-7B-8k and LLama-
3-8B on WikiTQ. While the original DCLM paper
shows that the two models are comparable on stan-
dard language evaluations, we see here the latter is
far better at tabular understanding. To bridge this
gap, we find that replacing the final DD cooldown
of DCLM-7B-8k with a 80%-20% mix of DCLM-
Baseline and CC-Tables-resiliparse can close
73% of this gap. While the improvement on Wik-
iTQ initially comes at the cost of standard metrics,
a simple WiSE-FT (Wortsman et al., 2022) weight
interpolation can help mitigate this, with the weight
a = .85 providing a reasonable balance.
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Impact of Extractor on Tabular Understanding (WikiTQ)
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Figure 3: Extractor performance remains consistent across serialization formats. We plot the WikiTQ
performance stratified across different test-time table serializations. Despite resiliparse and trafilatura
producing tables that most closely match “concat” and “markdown” formats respectively, we observe a surprising
degree of generalization across most serializations (with the exception of “json”).

Table 4: CC-Tables-resiliparse closes 72% of the gap between the original DCLM-7B-8k model and
Llama-3-8B. The top rows show results for existing models while the bottom rows are new models obtained
by replacing the original DD-style cooldown for DCLM-7B-8K with one that mixes CC-Tables-resiliparse
and DCLM-BASELINE and performs WiSE-FT (Wortsman et al., 2022). We try different interpolation weights
a € [0.8,1.0] with @ = 0.85 providing a good balance between tabular and standard evaluations.

Model / Cooldown Dataset Model Size Tokens WikiTQ-Avg. CORE_V2 MMLU

LLama-3-8B 8B 15T 29.3 56.5 66.2
DCLM-7B-8k 7B 2.8T 5.0 56.0 63.7
DCLM-Bas. + CC-Tables (o = 1.00) 7B 27T 22.7 53.7 62.3
DCLM-Bas. + CC-Tables (o = 0.90) 7B 27T 22.8 54.7 62.6
DCLM-Bas. + CC-Tables (o = 0.85) 7B 27T 224 55.7 62.7
DCLM-Bas. + CC-Tables (o = 0.80) 7B 27T 18.8 56.1 63.0

5 Extraction of code blocks

We conduct similar experiments for code blocks
as we do for tables, isolating pages that likely
contain genuine code blocks and then exploring
the impacts of different extractors on downstream
models. Here, we evaluate on HumanEval (Chen
et al., 2021) using the BigCode evaluation har-
ness (Ben Allal et al., 2022) to measure the ability
of models to write code completions based on pro-
vided function signatures and docstrings.

5.1 CC-Code: filtering Common Crawl for
code blocks

Similar to Redstone-Code (Chang et al., 2024), we
aim to identify genuine code blocks that are inter-
leaved with natural text from the general web (e.g.,
tutorials, documentation, and forums) in an effort
to complement traditional “source-code” datasets
(e.g., created from GitHub) that are commonly used
during pretraining. Our approach differs from that

of Chang et al. (2024) in that we (1) focus on di-
rectly classifying <pre> elements instead of relying
on the presence of child <code> elements; (2) train
a model for said classification as opposed to using
regular expressions. We do not claim nor evalu-
ate whether our approach is better for curating a
more performant dataset. Rather, our goal is to
explore the impact of different extractors given a
reasonable filtered set of code-related pages.

We limit our exploration to <pre> HTML el-
ements, as the <pre> tag is commonly used to
maintain pre-formatted text (i.e., preserving spac-
ing such as tabs and line breaks). However, based
upon qualitative inspection, we found that <pre> el-
ements are also used often for other purposes such
as to represent poems, lyrics, and emails. As such,
we train a fastText classifier to filter out non-code
usages of <pre>. We construct the training set for
this classifier primarily by manually inspecting and
labeling the 160 most frequent domains containing
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Table 5: CC-Code extraction and code generation performance. We observe that using jusText leads to the
additional CC-Code pages harming HumanEval performance. Meanwhile, resiliparse and trafilatura perform
comparably. In each mix we train on 25% StackV2, 25% CC-Code (when present), and fill in the remainder with
DCLM-BASELINE. The top rows are for cooldown runs on top of the DCLM-7B (Li et al., 2024) checkpoint prior
to their original cooldown at 2T tokens. The bottom rows correspond to training 7B-2x models from scratch. All
code generation metrics are reported as Pass@ 1 computed from 20 samples per problem.

Dataset Python Java JS  C++ Go | HE-Avg. | CORE_V2 MMLU
Alternative 200B token cooldown for DCLM-7B

DCLM-BASELINE (Top-7%)
+ Stack v2 26.7 299 240 26.6 17.7 25.0 54.7 60.8
+ CC-Code-res.

DCLM-BASELINE (Top-7%)
+ Stack v2 280 27.0 253 230 169 24.0 54.3 60.5
+ CC-Code-traf.

DCLM-BASELINE (Top-7%)
+ Stack v2 250 241 217 203 158 21.4 54.0 58.9
+ CC-Code-jusT.

DCLM-BASELINE (Top-7%) 581 936 246 209 152 | 225 55.4 62.4
+ Stack v2

Trained from scratch, DCLM 7B-2x scale

DCLM-BASELINE (Original)
+ Stack v2 20.5 20.1 185 198 11.7 18.1 44.0 41.8
+ CC-Code-res.

DCLM-BASELINE (Original)
+ Stack v2 23.2 20.8 186 16.6 13.8 18.6 43.0 41.1
+ CC-Code-traf.

DCLM-BASELINE (Original)
+ Stack v2 19.4 164 166 164 11.6 16.1 404 33.2
+ CC-Code-jusT.

DCLM-BASELINE (Original) 51 5 508 196 195 130 | 189 47.4 50.7
+ Stack v2

<pre> as either code or non-code related (ignoring
a domain if ambiguous). After applying our classi-
fier to score <pre> elements, we retain pages that
contain at least one that is high-scoring. We refer
to the surviving set of pages as CC-Code and then
evaluate different extractors by applying them to
CC-Code, before also using DCLM’s English and
fastText filters to improve overall quality. More
details about our filtering pipeline for CC-Code are
provided in Appendix E.2.

5.2 Qualitative extractor differences

We present some examples from CC-Code in Ap-
pendix E.1. Likely due to its dependence on stop-
words, we find that jusText often ends up ex-
cluding code blocks. Meanwhile, we find that
trafilatura and resiliparse both keep some
code blocks but the former fails to preserve proper
formatting (e.g., collapsing newlines and removing
indentation). It is a natural question whether or
not these misformattings might hinder code gener-
ation ability, or if additionally including traditional
source-code (which is assumed to be properly for-
matted) in training is enough alleviate these issues.

5.3 Empirical results

Training setup. We train models in two differ-
ent setups. First, we pretrain models from scratch
using the hyperparamters from the DCLM 7B-2x
track (Table 5, bottom). Second, we start from
DCLM-7B’s pre-cooldown checkpoint (trained on
2T tokens) and modify the original 200B cooldown
dataset (Table 5, top). Originally in DCLM, the
cooldown dataset was a mix of more strictly filtered
DCLM-BASELINE (i.e., Top-7%) mixed with 30%
math data. Here, since we care about code per-
formance, we train on mixes that are at least 25%
code from Stack v2 (Wei et al., 2024) and option-
ally 25% CC-Code. The remainder is then made
up of DCLM-BASELINE.

What extractors are best for CC-Code? As
expected from our inspection, we observe from Ta-
ble 5 that jusText leads to sub-optimal extraction
of CC-Code pages. In the “cooldown” setup, it
performs 2.6 p.p. worse than resiliparse and
trafilatura, and even 1.0 p.p. worse than replac-
ing CC-Code with general web documents. Mean-
while, better utilization of CC-Code pages can
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be achieved with trafilatura and resiliparse,
which are able to improve code performance, par-
ticularly for Java and C++. Between the two,
resiliparse offers slightly better performance,
perhaps suggesting that its improved whitespace
preservation helps languages where line breaks and
indentation matter (i.e., JavaScript is a notable ex-
ception as it is more robust to whitespace removals).
However, we do note that the absolute performance
metrics are still close overall.

In the “from-scratch” setup, jusText still leads
to the worst performance but CC-Code is not as
useful overall as dropping CC-Code altogether is
slightly better than including it. We speculate that
this may be due to source-code being more relevant
to HumanEval-style evaluations than interleaved
code, as the prompts are already in the form of
partially written code. Therefore, when starting
from scratch, it may be more important to build up
a base of knowledge from seeing more source-code
before interleaved data becomes additionally use-
ful. In the “cooldown” setting, the checkpoint we
start from has already been trained on a mix con-
taining Stack v2, perhaps allowing for better usage
of CC-Code. For both setups, we observe that (per-
haps as expected), replacing DCLM-BASELINE
tokens with CC-Code tokens decreases standard
evaluation performance, with bigger drops in the
from-scratch setting.

6 Conclusions

We demonstrate that text extraction is an under-
explored aspect of LLM pretraining data curation.
While standard practice applies a single extractor
to all of Common Crawl, we show this leads to
suboptimal data yield—using multiple extractors
in parallel can significantly increase yield while
maintaining performance. We further show that
extractor choice can significantly impact model per-
formance depending on content type, with larger
differences on tables and code tasks compared to
standard language evaluations. We hope this work
encourages practitioners to revisit extraction as a
first-class component of their curation pipelines.

Limitations

While we systematically study three popular extrac-
tors, we do not develop new extraction methods or
sophisticated strategies for selecting between them
based on page characteristics. Relatedly, these li-
braries remain under active development, so newer

releases may patch specific failure modes and yield
better results. We believe these are all promising
directions for future work. Another limitation is
that we did not extensively explore alternative fil-
tering strategies for CC-Tables and CC-Code. Our
primary aim was to develop reasonable pipelines
for isolating pages with genuine tables and code
blocks to study the impact of extractor choice.
While we believe our conclusions about extractor
performance on structured content should general-
ize across filtering approaches, improved filtering
could yield higher absolute scores on downstream
evaluations, such as those obtained by Nemotron-
CC-Math (Mahabadi et al., 2025). Finally, due to
computational constraints, we were unable to fully
assess run-to-run variation, particularly for our 7B
results.

Ethical considerations

Better extraction can lead to more effective cov-
erage of Internet data, which can come with both
benefits and risks. Exposing models to more di-
verse content could reduce potential blind spots
in their capabilities. However, better extraction
may also increase exposure to harmful, toxic, or
inappropriate content. For instance, it may inadver-
tently increase the capture of personal information
or copyrighted material that a given single extractor
might miss. While we do not release datasets or
models from our experiments, we recommend that
practitioners using these techniques continue to im-
plement robust content filtering and respect data
usage rights. Finally, we note that larger datasets
enable longer training runs with greater compu-
tational and environmental costs that should be
weighed against their benefits.
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A Extended related work

Targeted extractors for specific domains.
When extracting specific types of web pages,
other works have sometimes developed custom ap-
proaches. For news articles, newspaper3k® and
news-please (Hamborg et al., 2017) target cleaner
extractions with better date and author parsing.
For cooking recipes, recipe-scrapers®* offers tar-
geted parsing of ingredients, instructions, and cook-
ing times. More recently, in the context of pretrain-
ing, custom extractors have been heavily empha-
sized as an important step for building mathematics
datasets. As more general approaches were shown
to inaccurately/inconsistently handle LaTeX equa-
tions, both OpenWebMath (Paster et al., 2023) and
InfiMM-WebMath (Han et al., 2025) develop their
own modifications to resiliparse, the former of
which was also later used by FineMath (Allal et al.,
2025). Nemotron-CC-Math (Mahabadi et al., 2025)
offers state-of-the-art performance by re-extracting
pages from the aforementioned datasets by mak-
ing use of lynx, a text-based browser that more
robustly handles math and code. They also clean
these extractions with a fine-tuned LLM.

Datasets for web-crawled tables Compared
to simply collecting existing tabular datasets, a
promising complementary approach for improving
tabular understanding is to curate large interleaved
table/text datasets from the general web (Zhang
and Balog, 2025). TabLib (Eggert et al., 2023) col-
lects 627M (minimally filtered) tables with their
contextual metadata (e.g., surrounding text) by
crawling GitHub and one dump of Common Crawl
(CC-MAIN-2023-23). Of their tables, 219M are
HTML tables from Common Crawl. Tablib was
then further filtered to create T4 (Gardner et al.,
2024) via a set of table/row/column-level heuris-
tics (e.g., based on counts, prevalence of NANSs,
and data homogeniety). The goal of this dataset
was to improve downstream model performance for
tabular prediction tasks (i.e., selecting and predict-
ing a chosen target feature from the other feature
columns). Another set of earlier but closely re-
lated efforts are the web tables collected by Web
Data Commons (WDC) (Lehmberg et al., 2016;
Eberius et al., 2015). These datasets are created
from a pair of Common Crawl dumps (from 2012
and 2015) and involve a two step process where

3https ://github.com/codelucas/newspaper
*https://github.com/hhursev/recipe-scrapers

tables are filtered based on (1) hand-engineered fea-
tures (e.g., sparseness, average attribute size, num-
ber of links); (2) classifying each table as either
Relational, Entity, Matrix, or Layout via learned
classifiers. The relational subset was used by Yin
et al. (2020) to train TaBERT (along with an addi-
tional dataset based on just Wikipedia tables). In
comparison, our approach for CC-Tables uses a
smaller set of heuristic rules (i.e., based on header
presence, row/columns counts, and row size con-
sistency) and trains a weakly supervised fastText
classifier directly on HTML content rather than a
SVM or decision tree on hand-engineered features.

Datasets for interleaved code and natural text.
For open code pretraining datasets, The Stack v2
and its filtered subsets from StarCoder (Lozhkov
et al., 2024b) are commonly used directly to train
models or as starting points for further curation.
Mostly created from GitHub, it primarily con-
sists of source code but also contains some with
interleaved code/text (e.g., Issues/Commits/PRs,
Jupyter notebooks, and code documentation).
Meanwhile, RedStone-Code (Chang et al., 2024)
directly sources interleaved documents by filter-
ing pages from Common Crawl. They focus on
<code> elements, classify blocks as code (or not)
based upon regexes for common language key-
words/patterns, and extract such pages using the
same pipeline as Common Crawl WET files. In
contrast, we train a fastText classifier instead of
using regex rules and we do not rely on the pres-
ence of <code>, though we do use it as signal for
sourcing positive training examples for our filter-
ing model. Lastly, Nemotron-CC-Math (Mahabadi
et al., 2025), as mentioned earlier, re-extracts con-
tent from popular math datasets (which incidentally
contains significant amounts of code), finding that
their re-extractions can improve performance on
code evaluations.
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B Assets and licenses

We used the following assets all for research
purposes.

Datasets

* We make heavy use of the DCLM code-
base and datasets (DCLM-PooL, DCLM-
REFINEDWEB, DCLM-BASELINE), which
are available by CC-BY-4 license.

* We also directly source raw data from Com-
mon Crawl WARCs, which are under their
own ToU?>.

Extractor libraries

e resiliparse (v@.14.5) is made available
via Apache 2.0 License. We use this version
to match up with DCLM.

e trafilatura (v2.0.0) is made available via
Apache 2.0 License

e jusText (v3.0.2) is made available via The
BSD 2-Clause License

Evaluation harnesses

* 11m-foundry® is used for DCLM’s evalua-
tions and is available under Apache 2.0 Li-
cense.

 unitxt’ (Bandel et al., 2024) implements
ToRR (Ashury-Tahan et al., 2025b) and is
available via Apache 2.0 License

* bigcode-evaluation-harness® (Ben Allal
et al., 2022) is avaialble under Apache 2.0
License

5https://commoncrawl.org/terms—of—use
6https://github.com/mosaicml/llm-foundry
7https://github.com/IBM/unitxt
8https://github.com/bigcode—project/
bigcode-evaluation-harness
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C Additional results for union over extractors

Table 6: Run-to-run variation at 1B-1x scale. We report mean CORE_V?2 performance and standard deviation
across three runs for resiliparse and trafilatura. Note that results in Table 1 were all single-runs since we did
not try multiple seeds for all methods.

Extractor |Runl Run2 Run3 | Mean (s)
resiliparse | 28.5 27.5 28.8 | 28.3 0.7
trafilatura| 29.6 27.7 28.5 | 28.6 (1.0

Table 7: Using multiple extractors improves performance in settings which are data-constrained. We
train 1B-5x models on progressively smaller subsamples of data curated from the 1B-1x raw pool. More heavy
subsampling leads to more repetition and thus worse performance, but this can be mitigated by having a curation
pipeline that yields more tokens (e.g., our Union datasets). A subset of these results are plotted in Figure 2.

Initial Pool | Extractor fastText Thresh. Repeats CORE_V2
resiliparse 0.11 15.0x 30.8
Union (Random)  (0.11, 0.11,0.11) 10.5x 323
1B-0.25x | Union (Manual) (0.11,0.11, 0.11) 10.2x 324
Union (Random)  (0.11, 0.15, 0.15) 9.0x 33.5
Union (Manual) (0.11, 0.15, 0.15) 8.7x 335
resiliparse 0.11 11.2x 33.1
Union (Random)  (0.11, 0.11,0.11) 7.9x 333
1B-0.33x Union (Manual) (0.11,0.11,0.11) 7.7x 333
Union (Random)  (0.11, 0.15, 0.15) 6.6x 334
Union (Manual) (0.11, 0.15, 0.15) 6.3x 33.8
resiliparse 0.11 7.2X 32.7
Union (Random)  (0.11,0.11,0.11) 5.3x 34.0
1B-0.5x Union (Manual) (0.11,0.11,0.11) 5.1x 34.3
Union (Random)  (0.11, 0.15, 0.15) 4.4x 34.6
Union (Manual) (0.11, 0.15, 0.15) 4.2x 343
resiliparse 0.11 3.6x 33.9
Union (Random)  (0.11,0.11, 0.11) 2.6x 34.0
1B-1x Union (Manual) (0.11,0.11,0.11) 2.5x 33.7
Union (Random)  (0.11, 0.15, 0.15) 2.2x 344
Union (Manual) (0.11, 0.15, 0.15) 2.1x 33.8
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D Table understanding experiments

D.1 Example documents

Example 1: http://mutualfunds.com/funds/prblx-parnassus-core-equity-investor/

resiliparse ‘

justext

96Fund Description
97

1Fund Description

n
The Parnassus Core Equity Fund (PRBLX) is designed to provide both capital appreciation The Parnassus Core Equity Fund (PRBLX) is designed to provide both capital appreciation
and current income for its investors. To do this, the fund seeks out large cap companies and current income for its investors. To do this, the fund seeks out large cap companies

that seem to be undervalued compared to the overall market. At least 75% of the fund’'s that seem to be undervalued compared to the overall market. At least 75% of the fund's

assets will be invested in equities that pay normal dividends while the remaining alloca assets will be invested in equities that pay normal dividends while the remaining alloca
98tion may go to non- 2tion may go to non-

dividend securities. That investment breakdown means that the fund will lean more toward dividend securities. That investment breakdown means that the fund will lean more toward

s an income product than one designed for growth, though it does deliver aspects of both s an income product than one designed for growth, though it does deliver aspects of both

. PRBLX also takes environmental, social, and governance factors into account when it is . PRBLX also takes environmental, social, and governance factors into account when it is

picking its holdings. picking its holdings.

n 99 n
With a quarterly dividend and at least 75% of its assets focused on dividend- With a quarterly dividend and at least 75% of its assets focused on dividend-
payers, PRBLX is most appropriate for an income investor that is looking for a bit of gr payers, PRBLX is most appropriate for an income investor that is looking for a bit of gr
owth potential as well. The fund would likely not act as a core holding in a portfolio, owth potential as well. The fund would likely not act as a core holding in a portfolio,

100@but rather as a complement to an already- 3but rather as a complement to an already—
diversified strategy. The fund is managed by Todd C. Ahlsten and Benjamin E. Allen who c diversified strategy. The fund is managed by Todd C. Ahlsten and Benjamin E. Allen who c
ombine to boast more than 25 years of experience in the investing world. The fund charge ombine to boast more than 25 years of experience in the investing world. The fund charge
s 87 basis points for investment and holds a minimum investment threshold of $2,000. s 87 basis points for investment and holds a minimum investment threshold of $2,000.

n 101 n

102PRBLX - Performance

103

104Return Ranking - Trailing

105

1gePeriod PRBLX Return Category Return Low Category Return High Rank in Category (%) Quinti
le

107YTD 8.1% -100.0% 565.7% 9.69% 1

1081 Yr 15.6% -51.7% 32.1% 33.16% 2

1093 Yr 10.8% * —14.4% 17.0% 35.87% 2

1105 Yr 12.0% * -2.3% 18.0% 39.98% 3

11110 Yr 10.7% * -0.5% 17.1% 10.56% 1

112

113% Annualized

14

115

116Return Ranking - Calendar

117

ual{erind PRBLX Return Category Return Low Category Return High Rank in Category (%) Quinti
e

1192017 8.6% -37.7% 34.8% 57.63% 3

1202016 6.3% —41.8% 186.3% 40.87% 3

1212015 -9.1% -51.7% 38.1% 65.50% 4

1222014 10.9% -31.3% 42.8% 22.37% 2

1232013 25.6% -88.0% 41.8% 52.00% 3
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96Fund Description

97
The Parnassus Core Equity Fund (PRBLX) is designed to provide both capital appreciation The Parnassus Core Equity Fund (PRBLX) is designed to provide both capital appreciation
and current income for its investors. To do this, the fund seeks out large cap companies and current income for its investors. To do this, the fund seeks out large cap companies
that seem to be undervalued compared to the overall market. At least 75% of the fund's that seem to be undervalued compared to the overall market. At least 75% of the fund's
assets will be invested in equities that pay normal dividends while the remaining alloca assets will be invested in equities that pay normal dividends while the remaining alloca

98tion may go to non- 1tion may go to non-
dividend securities. That investment breakdown means that the fund will lean more toward dividend securities. That investment breakdown means that the fund will lean more toward
s an income product than one designed for growth, though it does deliver aspects of both s an income product than one designed for growth, though it does deliver aspects of both
. PRBLX also takes environmental, social, and governance factors into account when it is . PRBLX also takes environmental, social, and governance factors into account when it is
picking its holdings. picking its holdings.

n n
With a quarterly dividend and at least 75% of its assets focused on dividend- With a quarterly dividend and at least 75% of its assets focused on dividend-
payers, PRBLX is most appropriate for an income investor that is looking for a bit of gr payers, PRBLX is most appropriate for an income investor that is looking for a bit of gr
owth potential as well. The fund would likely not act as a core holding in a portfolio, owth potential as well. The fund would likely not act as a core holding in a portfolio,

100but rather as a complement to an already— 2but rather as a complement to an already-
diversified strategy. The fund is managed by Todd C. Ahlsten and Benjamin E. Allen who c diversified strategy. The fund is managed by Todd C. Ahlsten and Benjamin E. Allen who c
ombine to boast more than 25 years of experience in the investing world. The fund charge ombine to boast more than 25 years of experience in the investing world. The fund charge
s 87 basis points for investment and holds a minimum investment threshold of $2,000. s 87 basis points for investment and holds a minimum investment threshold of $2,000.

n 101 n

102PRBLX - Performance

103

104Return Ranking - Trailing

10!

JogPeriod PRBLX Return Category Return Low Category Return High Rank in Category (%) Quinti 3l Period | PRBLX Return | Category Return Low | Category Return High |
le Rank in Category (%) | Quintile |

Al =]~

107YTD 8.1% -100.0% 565.7% 9.69% 1 5| YTD | 8.1% | -100.0% | 565.7% | 9.69% | 1

1081 Yr 15.6% -51.7% 32.1% 33.16% 2 6] 1Yr | 15.6% | -51.7% | 32.1% | 33.16% | 2 |

1093 Yr 10.8% * -14.4% 17.0% 35.87% 2 7| 3 Yr | 10.8% x | -14.4% | 17.0% | 35.87% | 2 |

1105 Yr 12.0% % —-2.3% 18.0% 39.98% 3 8] 5 Yr | 12.0% % | -2.3% | 18.0% | 39.98% | 3 |

11110 Yr 10.7% * -0.5% 17.1% 10.56% 1 9] 10 Yr | 10.7% % | -0.5% | 17.1% | 10.56% | 1 |

112

113% Annualized 10% Annualized

n 114 n

115
116Return Ranking - Calendar
117

118F‘ermd PRBLX Return Category Return Low Category Return High Rank in Category (%) Quinti
le

11| Period | PRBLX Return | Category Return Low | Category Return High |
Rank in Category (%) | Quintile |

1192017 8.6% -37.7% 34.8% 57.63% 3 13| 2017 | 8.6% | -37.7% | 34.8% | 57.63% | 3 |
1202016 6.3% -41.8% 186.3% 40.87% 3 14| 2016 | 6.3% | -41.8% | 186.3% | 40.87% | 3 |
1212015 -9.1% -51.7% 38.1% 65.50% 4 15| 2015 | -9.1% | -51.7% | 38.1% | 65.50% | 4 |
1222014 10.9% -31.3% 42.8% 22.37% 2 16| 2014 | 10.9% | -31.3% | 42.8% | 22.37% | 2 |
1232013 25.6% -88.0% 41.8% 52.00% 3 17| 2013 | 25.6% | -88.0% | 41.8% | 52.00% | 3 |

Figure 4: Extraction comparison for mutual fund data. We use difflib to visualize pairwise comparisons
between resiliparse (left) and jusText (top) or trafilatura (bottom). For both tables in this page, jusText
removes them while trafilatura applies markdown formatting.
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Example 2: http://bmcinfectdis.biomedcentral.

resiliparse

com/articles/10.1186/1471-2334-12-102

justext

71Study population characteristics and antiretroviral therapeutic situation
72

Four groups of patients were recruited into this study: HIV/HCV co-infected, HIV mono-
infected, HCV mono-
infected, and healthy controls. The demographics and laboratory parameters of the four g
roups are summarized in Table 1. The mean age of HIV/HCV co-
infections was older than HIV mono-
,ginfections (p > 0.65), as well as significantly younger than HCV mono-
infections (p < 0.85). The main transmission route of HIV/HCV co-
infected patients was IDU (80%). The HIV mono-
infections has the lowest nadir CD4 T cell count (p < 0.05) and highest HIV-

Four groups of patients were recruited into this study: HIV/HCV co-infected, HIV mono-
infected, HCV mono-

infected, and healthy controls. The demographics and laboratory parameters of the four g
roups are summarized in Table 1. The mean age of HIV/HCV co-—

infections was older than HIV mono-

infections (p > 0.05), as well as significantly younger than HCV mono-

infections (p < 0.05). The main transmission route of HIV/HCV co-

infected patients was IDU (80%). The HIV mono-

infections has the lowest nadir CD4 T cell count (p < 0.05) and highest HIV-

N

1 RNA levels in plasma (p < 0.05) comparing with the other three study groups. The HCV R 1 RNA levels in plasma (p < 0.05) comparing with the other three study groups. The HCV R
NA levels in plasma of HIV/HCV co-infection group were higher than HCV mono- NA levels in plasma of HIV/HCV co-infection group were higher than HCV mono-
infection group without statistical difference (p > 0.05). infection group without statistical difference (p > 0.05).
n 74Table 1 n
75
76Baseline demographic and immunological parameters of study participants
77
78Parameters
79
8@HIV/HCV
81
82co-infection
83
84HIV
85
86mono-infection
87
88HCV
89
9@mono-infection
91
92Healthy control
9:
94Number
95
9620
97
9820
99
10010
101
10210
103
104Sex ratio (male/female)
105
10613/7
107
10812/8
109
1107/3
111
1124/6
113
R 114Age (years)
‘ ‘ resiliparse ‘ trafilatura
71Study population characteristics and antiretroviral therapeutic situation 38Study population characteristics and antiretroviral therapeutic situation
n 72
Four groups of patients were recruited into this study: HIV/HCV co-infected, HIV mono-
infected, HCV mono-
infected, and healthy controls. The demographics and laboratory parameters of the four g
roups are summarized in Table 1. The mean age of HIV/HCV co-
infections was older than HIV mono-
infections (p > 0.05), as well as significantly younger than HCV mono-
infections (p < 0.05). The main transmission route of HIV/HCV co-
infected patients was IDU (80%). The HIV mono-
infections has the lowest nadir CD4 T cell count (p < 0.05) and highest HIV-
1 RNA levels in plasma (p < 0.05) comparing with the other three study groups. The HCV R
NA levels in plasma of HIV/HCV co-infection group were higher than HCV mono-
infection group without statistical difference (p > 0.05).
74Table 1
75
76Baseline demographic and immunological parameters of study participants 39Baseline demographic and immunological parameters of study participants
B 7 B 4oParaneters | HIV/HCV co-infection | HIV mono-infection | HCV mono-infection |
a o Healthy control |
78Parameters 4] | === | = | = | = | ===
7 42Number | 20 | 20 | 10 | 10 |
8OHIV/HCV 43Sex ratio (male/female) | 13/7 | 12/8 | 7/3 | 4/6 |
a1 4ahge (years) | 39.00 (35.25 ~ 41.50) c, d | 37.08 (32.75 ~ 41.50) c, d |
45.50 (39.50 ~ 48.50) a, b, d | 26.50 (25.00 ~ 29.25) a, b, c |
82co-infection 45Transmission route (no. (95)) 11
83 46Sex | 0 (0) | 12 (60) | @ (@) | — |
84HIV 47Blood | 4 (20) | 1 (5) | 10 (100) | - |
85 48IDU | 16 (80) | 4 (20) | @ (@) | - |
86mono—infection 49Unknown | @ (@) | 3 (15) | 0 (0) | - |
CD4 T cell count (cells/ul) | 224.00 (164.00 ~ 296.00) b, c, d |
87 50 131.00 (73.75 ~ 194.50) a, c, d | 522.50 (448.00 ~ 599. 00| a, b, d |
817.00 (736.00 ~ 947.25) a, b, c |
88HCV 51HIV-1 Viral load (log10 copies/ml) | 3.97(3.48 ~ 4.83) b | 4.65(4.38 ~ 5.23) a | — | - |
89 52HCV Viral load (logl@ copies/ml) | 6.42(5.91 ~ 6.85) | - | 6.85(5.33 ~ 6.54) | - |
9@mono-infection
91
92Healthy control
93
94Number
95
9620
97
9820
99
10010
101
10210
10458)( ratio (male/female)
10613/7
107
10812/8
109
R 1107/3

Figure 5:
comparisons between resiliparse (left) and jusText (to

Extraction comparison for an BioMed Central article. We use difflib to visualize pairwise

p) or trafilatura (bottom). Note that for the table

shown, jusText removes it while trafilatura applies markdown formatting. Here, resiliparse ends up splitting

entries across line breaks instead of single spaces.
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Example 3: http://akron.prestosports.com/sports/msoc/2013-14/bios/caso%20clint%20yxrk

resiliparse

justext

Prior to New Hampshire: New York Red Bulls Academy ..
New Jersey U-

1915 State Championship in 2008 and qualified for the U.S. Soccer Development Academy Fina
1s Week .. was a two-time, first team all-
state honoree at St. Benedict Preparatory School .. led St. Benedict’s Prep to three stra
ight New Jersey State Prep Championships (2008-2010).

20

21Recent Games

22Nov 6 Penn State W, 2-1

23Nov 9 at Western Michigan W, 2-1

24Nov 15 West Virginia W, 3-@

25Nov 17 Western Michigan W, 4-1

26Nov 21 Indiana W, 3-2

27Nov 24 at Marquette L, 1-0

28Statistics category Overall Conf

29Games 16 5

30Games started 2 -

31Goals 0 0

32Assists @ @

33Points @ @

34Shots 5 @

35Shot Pct .000 —

36Penalty kicks 0-0 0-0

37Game-winning goals @ 0

38Date Opponent Score g a pts sh pct pk gw

39Aug 20 Marshall W, 4-1 0 0 0 1 .000 0-0 0

40Aug 24 at Saint Louis L, 2-0

41Aug 30 at Col. of Charleston W, 2-0 - — - — — |

42Sep 1 vs. Furman W, 1-0 @ @ @ ﬁ -0-00

43Sep 6 at St. John's (N.Y. J 2l === ===

44Sep 8 at Rutgers W, 2-1 0 —000

45Sep 13 VCU L, 1-0

465ep 15 San Diego St. W, 2-1 0 0 @ 1

47Sep 21 Bowling Green W, 1-0 0 0 0 0

2 .0
[

helped the Red Bulls win the USYSA

48Sep 24 Ohio State W, 1-0 0 0 0
49Sep 29 at West Virginia W, 1-0
5@0ct 5 Hartwick L, 2-0 - - =
510ct 9 at Cleveland State W, 271
520ct 15 Wake Forest W, 1-0 @ 0 @
530ct 18 at Buffalo W, 190009—000

540ct 23 Michigan State T, 0-0 - - - - - - -
550ct 26 Northern Illinois W, 2-1
560ct 30 at Michigan W, 2-1 0 0 0
57Nov 6 Penn State W,

58Nov 9 at Western Michigan W, 2-1 00 0 0 - 0-0 @
59Nov 15 West Virginia W, 3-0 @ 0 @ 2 .000 0-0 0
resiliparse

13championship match of the America East Tournament.

14Prior to New Hampshire: New York Red Bulls Academy

15.. helped the Red Bulls win the USYSA New Jersey U-15 State
16Championship in 2008 and qualified for the U.S. Soccer Development
17Academy Finals Week .. was a two-time, first team all-state
18honoree at St. Benedict Preparatory School .. led St.

19Benedict’s Prep to three straight New Jersey State Prep
20Championships (2008-2010).

trafilatura

Prior to New Hampshire: New York Red Bulls Academy ..
New Jersey U-

1915 State Championship in 2008 and qualified for the U.S. Soccer Development Academy Fina
1s Week .. was a two-time, first team all-
state honoree at St. Benedict Preparatory School .. led St. Benedict’s Prep to three stra
ight New Jersey State Prep Championships (2008-2010).

20

. helped the Red Bulls win the USYSA

21Recent Games

22Nov 6 Penn State W, 2-1

23Nov 9 at Western Michigan W, 2-1
24Nov 15 West Virginia W, 3-0
25Nov 17 Western Michigan W, 4-1
26Nov 21 Indiana W, 3-2

27Nov 24 at Marquette L, 1-0
28Statistics category Overall Conf
29Games 16 5

30Games started 2 —

31Goals 0 @

32Assists @ @

33Points 0 0

34Shots 5 @

35Shot Pct .000 -

36Penalty kicks 0-0 0-0

37Game-winning goals @ @

38Date Opponent Score g a pts sh pct pk gw

39Aug 20 Marshall W, 4-1 0 0 0 1 .000 0-0 @
40Aug 24 at Saint Louis L, 2-0
41Aug 30 at Col. of Charleston W
42Sep 1 vs. Furman W, 1-0 0 @ 0
435ep 6 at St. John's (N.Y.) L,

44Sep 8 at Rutgers W, 2-1 0 @ @
45Sep 13 VCU L, 1-0 - - - = = = —
465ep 15 San Diego St. W, 2-1 @

47Sep 21 Bowling Green W, 1-0 @
48Sep 24 Ohio State W, 1-0
49Sep 29 at West Virginia W,
500ct 5 Hartwick L, 2-0 - - - - - - —
510ct 9 at Cleveland State W, 2:
520ct 15 Wake Forest W, 1-0 @ @
530ct 18 at Buffalo W, lBO@@U*@UO

540ct 23 Michigan State T, 0-0 - - - - - - -

©
b

550ct 26 Northern Illinois W, 2-1 00 0 0 - 0-0 @
560ct 30 at Michigan W, 2-1 0 0 @ @ - 0-0 0

57Nov 6 Penn State W, 2-1 - - - - - - -

58Nov 9 at Western Michigan W, 2-1 00 @ 0 - 0-0 0
59Nov 15 West Virginia W, 3-0 0 0 @ 2 .000 0-0 @

19championship match of the America East Tournament.

20Prior to New Hampshire: New York Red Bulls Academy

21.. helped the Red Bulls win the USYSA New Jersey U-15 State
22Championship in 2008 and qualified for the U.S. Soccer Development
23Academy Finals Week .. was a two-time, first team all-state
24honoree at St. Benedict Preparatory School .. led St.

25Benedict’s Prep to three straight New Jersey State Prep
26Championships (2008-2010).

27| Recent Games | ||

28| |-—=|-—|

29| Nov 6 | Penn State | W, 2-1 |

30| Nov 9 | at Western Mlchlgan | w 1 |

31| Nov 15 | West Virginia | W, 3-0 |

32| Nov 17 | Western Michigan | W, 4-1 |

33| Nov 21 | Indiana | W, 3-2

34| Nov 24 | at Marquette | L, 1-0 |

35| Statistics category | Overall | Conf | ||

36— |—=|-— |||

37| Games | 16 | 5 | ||

38| Games started | 2 | - | ||

39 GoalsIGIDI ||

40| Assists | 0 |
41| Points | 0 | n 111
42| Shots | 5| @ | ||
43| Shot Pct | .000 | - | ||

44| Penalty kicks | 0-8 | 6-0 | ||

45| Game-winning goals | @ | @

46| Date | Opponent | Score | g | a | pts | sh | pct | pk | gw |
A7 | === | === || === | == || | — ]

48| Aug 20 | Marshall | W, 4-1 | @ [ @ | 0 | 1| .
49| Aug 24 | at Saint Louis | L, 2-0 | - | - | -

50| Aug 30 | at Col. of Charleston | W, 2-0 | - |

51| Sep 1 | vs. Furman | W, 1-0 [ 0 | 0 | 0 | |

52| Sep 6 | at St. John's (N.Y.) | L, 2-1 | - | -

53| Sep 8 | at Rutgers | W, 2-1 [ @ | 0 | @ | 0 |

54 Sep 13 | VCU | L, 1-@ | - | - | - | - | - | -

55| Sep 15 | San Diego St. | W, 2-1 | 0 | @ | 0 |

56| Sep 21 | Bowling Green [ W, 1-0 | 0 | @ | 0 |

57| Sep 24 | Ohio State | W, 1-0 | @ [ © | @ | 2 |

58| Sep 29 | at West Virginia | W, 1-0 | @ | 0 | @ |

59| Oct 5 | Hartwick | L, 2-0 [ = | = | - | - | -

60| Oct 9 | at Cleveland State | W, 2-1 | @ | 0 |

61| Oct 15 | Wake Forest | W, 1-0 [ @ | 0 | 8 | @

62| Oct 18 | at Buffalo | W, 1-0 | @ | @ | 0 | © | - | 0

63| Oct 23 | Michigan State | T, 0-0 | - | - | = | - | -

64| Oct 26 | Northern Illinois | W, 2-1 | @ | 0 |

65| Oct 30 | at Michigan | W, 2-1 [ @ [0 | 8 | @

66| Nov 6 | Penn State | W, 2-1 | - | - | - | - |

67| Nov 9 | at Western Michigan | W, 2-1 | @ [ @ | @ | @ | - | 8-0 | © |
68| Nov 15 | West Virginia | W, 3-0 | 0 | @ [ © | 2 | .000 | 0-0 | © |

Figure 6: Extraction comparison for soccer recruiting statistics. We use difflib to visualize pairwise compar-
isons between resiliparse (left) and jusText (top) or trafilatura (bottom). Note that for both tables in this
page, jusText removes them while trafilatura applies markdown formatting.
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401Lear
40!
403By 1
404
405Gene
4060the
407111
408 Lev
409005t
41000St:

Example 4: https://bulbapedia.bulbagarden.net/wiki/Whiscash_(Pok%C3%A9mon)

resiliparse ‘ ‘ trafilatura
nset 369Learnset
370|
eveling up 371]
372|
ration V 373|
r generations: 374- Bold indicates a move that gets STAB when used by Whiscash
- IV - VI - VII N
el Move Type Cat. Pur. 375 Italic indicates a move that gets STAB only when used by an evolution of Whis

cc. PP
art Zen Headbutt Psychic Physical 08080 ©9090% 15
art Tickle Normal Status 0000 100100% 20

cash
376 Click on the generation numbers at the top to see level-

41100Start Mud-Slap Ground Special 02020 100100% 10 'up moves from other generations
41200Start Mud Sport Ground Status 0000 —% 15 377|
41300Start Water Sport Water Status 0000 —% 15 378|
414066 Mud Sport Ground Status 0000 —% 15 379|
415066 Water Sport Water Status 0000 —% 15 380| Stage
4161010 Water Gun Water Special 04040 100100% 25 381Move
4171414 Mud Bomb Ground Special 06565 08585% 10 382Type
4181818 Amnesia Psychic Status 0000 —% 20 383Cat. |
4192222 Water Pulse Water Special 06060 100100% 20 384Pwr.
4202626 Magnitude Ground Physical 0000 100100% 30 385Acc
4213333 Rest Psychic Status 0000 —% 1 386PP
4223333 Snore Normal Special 04040 100100% 15 387
4233939 Aqua Tail Water Physical 09090 09090% 10 388| t
4244545 Earthquake Ground Physical 100100 100100% 10 389
4255151 Future Sight Psychic Special 100100 100100% 10 390Sleep TalkBW
4265757 Fissure Ground Physical 0000 —% 5 391
427 + Bold indicates a move that gets STAB when used by Whiscash 392Normal
428, .° Italic indicates a move that gets STAB only when used by an evolution of W 393

hiscash 394Status
429 ° Click on the generation numbers at the top to see level- 395|

up moves from other generations 306—
430 397
431By TM/HM 398-%
432 399|
433Generation V 40010
4340ther generations: 401
435III - IV - VI - VII 402- Bold indicates a move that gets STAB when used by Whiscash
436 TM Move Type Cat. Pwr. Acc. PP -

437Bag TM Poison Sprite.png TM@6 Toxic Poison Status 0000 090}}90% 10 403 Italic indicates a move that gets STAB only when used by an evolution of Whis
438Bag TM Ice Sprite.png TMO7 Hail Ice Status 0000 —}}-% 10 cash
439Bag TM Normal Sprite.png TM10 Hidden Power Normal Special 0000 100}}100% 15 -
440Bag TM Ice Sprite.png TM13 Ice Beam Ice Special 09595 100}}100% 10 404 Click on the generation numbers at the top to see moves from other generation
441Bag TM Ice Sprite.png TM14 Blizzard Ice Special 120120 070}}70% 5 s
442Bag TM Normal Sprite.png TM15 Hyper Beam Normal Special 150150 ©90}}90% 5 405 |
443Bag TM Normal Sprite.png TM17 Protect Normal Status 0000 —}}—% 10 4065ide game data
444Bag TM Water Sprite.png TM18 Rain Dance Water Status 0000 —}}—% 5 407Evolution
445Bag TM Normal Sprite.png TM21 Frustration Normal Physical 0000 100}}100% 20 408Sprites
446Bag TM Ground Sprite.png TM26 Earthquake Ground Physical 100100 100}}100% 10 409Trivia
[ AATR3A TM Narmal Cnrite nnn TM?7 Baturn NMarmal Dhucical A0AK 10011100 IO 4

Figure 7: Extraction comparison for a Pokémon learnset table on Bulbapedia. We use difflib to visualize
pairwise comparisons between resiliparse and trafilatura. Note that jusText removes the tables altogether
so we do not show it. Meanwhile, resiliparse fails to cleanly split some columns while trafilatura fails to

keep the

actual contents.
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D.2 Filtering for CC-Tables

We start from the raw data corresponding to
the 7B-2x version of DCLM-REFINEDWEB.
Here though, we prioritize filtering for pages
with useful tables rather than for general quality,
starting by considering only pages that contain
<table> elements. Then we isolate these tables
and filter them with a two-stage pipeline to try
to keep genuine (relational) data tables. This
is important as <table> is often used for other
purposes such as to organize text in an aligned
layout. We assume these “non-genuine” tables
would not be useful for tabular understanding tasks.

Structure-based filtering. In this first stage, we
filter out any table that

¢ Does not contain headers (i.e., <th> elements)

e Has fewer than 10 rows and 3 columns. These
are more strict thresholds than those used
by Lehmberg et al. (2016).

* Has an inconsistent number of columns per
rOW.

Content-based filtering. After this first stage, we
still found that many tables appeared that were
unlikely to be useful (e.g. product lists, sizing
charts, lists of forum threads). We also wished
to prioritize tables that exist in knowledge-rich
pages that interleave tables with natural text
(e.g., Wikipedia articles). Based on these two
goals, we train a fastText model to classify
and further filter HTML tables. To do so, we
first inspected the tables that survived structure-
based filtering and created a weakly labeled
training set. Specifically, we source positive
and negative examples by inspecting tables and
observing patterns from their source page’s URLs”:

Negative examples: We focus on tables whose con-
tents are either empty, esoteric, or unlikely to have
supporting natural text

* Product listings: URLSs containing one of the

subwords: “shop”, “products”, “cart”,
“items”, “store”, “promotion”,
“productdisplay”

e Site metrics: URLSs that end with “metrics”

Note that while we make use of URLs for labeling, we do
not use them as input features to the model.

» Forum listings: URLs containing either
“forum” or “forums” as a subword

* User profile pages: URLs containing one of
the subwords: “users”, “members-"

* Weather forecasts from Accuweather: URLs
from “accuweathercom”

* Patent Listings: URLs from Google Patents
as they contain little to no associated natural
text

Positive examples: We focus on genuine relational
data tables that are likely to contain useful knowl-
edge and be associated with natural text on their
source page.

» Wikipedia: URLs from English Wikipedia

e Government websites: URLSs from “. gov” do-
mains

Dataset releases: URLs containing one of
the subwords: “statistics”, “database”,
“dataset”

* Article and Documentation: URLs contain-
ing the subwords “article” or substring
“docs.” to encourage interleaved text and
tables

* Tables from T4: These are tables from
TabLib (Eggert et al., 2023) that have been
filtered as higher-quality by Gardner et al.
(2024). While not all of these tables orig-
inate from Common Crawl (and were used
by Gardner et al. (2024) as training data for
tabular prediction tasks), we convert them to
HTML serializations using pandas. We be-
lieve these tables are useful to include both
for their contents but also the clean resulting
HTML structure.

We then train a fastText model on the HTML
versions of these tables, allowing the model to
use both contents and markup. While by default
fastText uses space-delimiting for constructing n-
grams, we found it to be better to first tokenize each
HTML table using the 0200k _base encoder from
tiktoken, allowing the model to instead train and
make predictions on sequences of token indices.
We use default hyperparameters with the exception
of increasing the number of n-grams to 4 (from the
default of 1). When applying our fastText model,
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we consider any table to have a score above 0.75
to be useful. We then remove any page that does
not contain a single table that meets this threshold.
This left us with 62B tokens after resiliparse ex-
traction, 59B tokens after trafilatura, and 21B
tokens after jusText.

D.3 Modifications to ToORR’s WikiTQ

In the original ToRR (Ashury-Tahan et al., 2025b)
implementation of WikiTQ, the chosen preproces-
sors convert both the generated predictions and
answers to the string representation of a list of
words. This ends up rewarding short generations
even if they contain a completely incorrect answer.

As an example, suppose <prediction> and
<answer> are single-token words:

e They get converted to the strings
“[‘<prediction>’]” and “[ ‘<answer>’]"

* The evaluation uses an F1 score that is applied
over the tokenized sets of 5 tokens each:

— Prediction: { [, ¢, <prediction>, ’,
13
— Answer: { [, ‘, <answer>, ', 1] }

* The brackets and single-quotes count as to-
kens and always appear in both the prediction
and answer being compared. So even when
<prediction> # <answer>, we’d still get a
score of 0.8.

To address this, we removed the list conversion
(which is unnecessary since each true answer refers
to a single entity) and added standard normalizers
for leading/trailing whitespace and lowercasing.
We now directly compute F1 over prediction and
answer strings (tokenized with SpaCy).
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D.4 Additional results

Table 8: Conclusions about extractors hold regardless of mixing ratio or whether the DCLM-BASELINE and
CC-Tables extractors are consistent (7B-1x scale). We compare the performance of resiliparse, trafilatura,
and jusText on pages from our CC-Tables dataset when it is mixed with different ratios and different extractions of
DCLM-BASELINE (bottom section). Overall, we observe that there is a slight increase to WikiTQ performance for
resiliparse as the ratio of CC-Tables is larger but that conclusions between the extractors are the same across all
settings.

CC-Tables Extraction ~DCLM-BASELINE Extraction = CC-Tables Mixing Ratio = WikiTQ-Avg.

resiliparse resiliparse 0.1 10.1
trafilatura resiliparse 0.1 2.2
jusText resiliparse 0.1 1.9
resiliparse resiliparse 0.2 11.9
trafilatura resiliparse 0.2 3.7
jusText resiliparse 0.2 1.6
resiliparse resiliparse 0.5 124
trafilatura resiliparse 0.5 34
trafilatura trafilatura 0.5 2.7
jusText resiliparse 0.5 1.5
jusText jusText 0.5 1.7
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E Code experiments

E.1 Example documents

Example 1: http://msdn.microsoft.com/en-us/library/cx9s2sy4(v=vs.100).aspx

resiliparse ‘ ‘

justext

5The stackalloc keyword is used in an unsafe code context to allocate a block of memory o
n the stack.

6
7intx block = stackalloc int[100];
8

gThe keyword is valid only in local variable initializers. The following code causes comp
iler errors.

10

1lintx block;

12// The following assignment statement causes compiler errors. You
13// can use stackalloc only when declaring and initializing a local
14// variable.

15block = stackalloc int[100];

16

14Because pointer types are involved, stackalloc requires unsafe context. For more informa
tion, see Unsafe Code and Pointers (C# Programming Guide).

18
19stackalloc is like _alloca in the C run-time library.
20

The following example calculates and displays the first 20 numbers in the Fibonacci sequ
ence. Each number is the sum of the previous two numbers. In the code, a block of memory
of sufficient size to contain 20 elements of type int is allocated on the stack, not th

21e heap. The address of the block is stored in the pointer fib. This memory is not subjec
t to garbage collection and therefore does not have to be pinned (by using fixed). The 1
ifetime of the memory block is limited to the lifetime of the method that defines it. Yo
u cannot free the memory before the method returns.

22

5
5

23
24class Test
25

26 static unsafe void Main()
{

27
28 const int arraySize = 20;
29 intx fib = stackalloc int[arraySizel;
30 intx p = fib;
31 // The sequence begins with 1, 1.
32 *pH = *pHt = 1;
33 for (int i = 2; i < arraySize; ++i, ++p)
34 {
35 // Sum the previous two numbers.
36 *p = pl-1] + p[-2];
37
38 for (int i = @; i < arraySize; ++i)
39 {
40 Console.WriteLine(fib[il);
41 b
42
43 // Keep the console window open in debug mode.
44 System.Console.WriteLine("Press any key to exit.");
45 System.Console.ReadKey() ;
46 b
473
48/%
490utput
L
resiliparse
gThe keyword is valid only in local variable initializers. The following code causes comp
iler errors.

n 10 o

1lintx block;

12// The following assignment statement causes compiler errors. You

13// can use stackalloc only when declaring and initializing a local

14// variable.

15block = stackalloc int[100];

16

4Because pointer types are involved, stackalloc requires unsafe context. For more informa
tion, see Unsafe Code and Pointers (C# Programming Guide).

o 18 n

19stackalloc is like _alloca in the C run-time library.

n 20 n
The following example calculates and displays the first 2@ numbers in the Fibonacci sequ
ence. Each number is the sum of the previous two numbers. In the code, a block of memory

of sufficient size to contain 20 elements of type int is allocated on the stack, not th

21e heap. The address of the block is stored in the pointer fib. This memory is not subjec
t to garbage collection and therefore does not have to be pinned (by using fixed). The 1
ifetime of the memory block is limited to the lifetime of the method that defines it. Yo
u cannot free the memory before the method returns.

n 22

23

24class Test

25{

26 static unsafe void Main()

27 {

28 const int arraySize = 20;

29 intx fib = stackalloc int[arraySizel;

30 intx p = fib;

31 // The sequence begins with 1, 1.

32 APt = ApH = 1;

33 for (int i = 2; i < arraySize; ++i, ++p)

34

35 // Sum the previous two numbers.

36 *p = pl-1]1 + p[-2];

37 ¥

38 for (int i = 0; i < arraySize; ++i)

39

40 Console.WriteLine(fib[i]);

41 ¥

42

43 // Keep the console window open in debug mode.

44 System.Console.WriteLine("Press any key to exit."

45 System.Console.ReadKey() ;

46}

R 47}

The following example calculates and displays the first 20 numbers in the Fibonacci sequ
ence. Each number is the sum of the previous two numbers. In the code, a block of memory

of sufficient size to contain 20 elements of type int is allocated on the stack, not th
le heap. The address of the block is stored in the pointer fib. This memory is not subjec
t to garbage collection and therefore does not have to be pinned (by using fixed).
ifetime of the memory block is limited to the lifetime of the method that defines it. Yo
u cannot free the memory before the method returns.

trafilatura

The keyword is valid only in local variable initializers. The following code causes comp

4ilter errors.

int block; // The following assignment statement causes compiler errors. You // can use

5 stackalloc only when declaring and initializing a local // variable. block = stackalloc
int[100];

gBecause pointer types are involved, stackalloc requires unsafe context. For more informa
tion, see Unsafe Code and Pointers (C# Programming Guide).

7stackalloc is like _alloca in the C run-time library.

The following example calculates and displays the first 2@ numbers in the Fibonacci sequ
ence. Each number is the sum of the previous two numbers. In the code, a block of memory
of sufficient size to contain 20 elements of type int is allocated on the stack, not th
8e heap. The address of the block is stored in the pointer fib. This memory is not subjec
t to garbage collection and therefore does not have to be pinned (by using fixed). The 1
ifetime of the memory block is limited to the lifetime of the method that defines it. Yo
u cannot free the memory before the method returns.
class Test { static unsafe void Main() { const int arraySize = 20; int* fib = stackalloc
int[arraySizel; intk p = fib; // The sequence begins with 1, 1. #p++ = *p++ = 1; for (i
nt i = 2; i < arraySize; ++i, ++p) { // Sum the previous two numbers. *p = p[-1] + p[-2]
9; } for (int i = 0; i < arraySize; ++i) { Console.WriteLine(fib[i]); } // Keep the conso
Tle window open in debug mode. System.Console.WriteLine("Press any key to exit."); System
.Console.ReadKey(); } } /* Output 1 12 3 5 8 13 21 34 55 89 144 233 377 610 987 1597 25
84 4181 6765 */

Figure 8: Extraction comparison for a C# tutorial page. We use difflib to visualize pairwise comparisons
between resiliparse (left) and jusText (top) or trafilatura (bottom). Note that for code blocks in this page,
jusText removes them while trafilatura collapses whitespace formatting.
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Example 2: http://techbase.kde.org/index.php?title=Development/Tutorials/Plasma/Ruby/Using_widgets&
diff=37860&01did=37859

resiliparse ‘ ‘

justext ‘

15Here is how our main.rb file will look like:
16

17
18<code ruby>
19
20<code ruby>
21

22Revision as of 21:07, 25 January 2009

1Revision as of 21:07, 25 January 2009

n 23 n
24This is a 'translation' of the Using widgets article on Python and Plasma. For the Pytho
n Tutorial see here.
25
26Contents 2Contents
n n
28Abstract 3Abstract
o 29 o
Using the paintInterface method to display applets is a powerful, and sometimes even nec Using the paintInterface method to display applets is a powerful, and sometimes even nec
essary way of working. For example, when you want to display a SVG graphic. But it is no essary way of working. For example, when you want to display a SVG graphic. But it is no
30t the only method available to create a Plasmoid, however. Plasma comes with a number of 4t the only method available to create a Plasmoid, however. Plasma comes with a number of
widgets "tailored" for use in Plasmoids. In this tutorial we will create a very simple widgets "tailored" for use in Plasmoids. In this tutorial we will create a very simple
"Hello, world!" Plasmoid using Plasma widgets. "Hello, world!" Plasmoid using Plasma widgets.
o 31 n
32Prerequisites
33
34Set up your applet directory and create a metadata.desktop file as described in the Gett
ing Started tutorial.
35
36The 'main.rb' file
37
38Here is how our main.rb file will look like:
39
40 1. Copyright stuff
41
42require 'plasma_applet'
44module RubyStart
45
46 class Main < PlasmaScripting::Applet
47  def initialize parent
48 super parent
49  end
50  def init
51 self.has_configuration_interface = false
52 self.aspect_ratio_mode = Plasma::Square
53 self.background_hints = Plasma::Applet.DefaultBackground
54 layout = Qt::GraphicsLinearLayout.new Qt::Horizontal, self
55 label = Plasma::Label.new self
56 label.text = "Hello world!"
57 self.layout.add_item label
58 self.layout = layout
59 resize 125, 125
60 en
61 end
62
! 63end J
resiliparse ‘ trafilatura
15Here is how our main.rb file will look like: 12Here is how our main.rb file will look like:
n 16 n
17
18<code ruby>
19
20<code ruby>
21
22Revision as of 21:07, 25 January 2009
23
This is a 'translation' of the Using widgets article on Python and Plasma. For the Pytho
n Tutorial see here.
25
26Contents
27
28Abstract
29
Using the paintInterface method to display applets is a powerful, and sometimes even nec
essary way of working. For example, when you want to display a SVG graphic. But it is no
30t the only method available to create a Plasmoid, however. Plasma comes with a number of
widgets "tailored" for use in Plasmoids. In this tutorial we will create a very simple
"Hello, world!" Plasmoid using Plasma widgets.
31
32Prerequisites
33
345€t Up your applet directory and create a metadata.desktop file as described in the Gett
ing Started tutorial.
35
36The 'main.rb' file
37|
38Here is how our main.rb file will look like:
39
40 1. Copyright stuff
41
42require 'plasma_applet' 13require 'plasma_applet’
o 43 n
44module RubyStart 14module RubyStart
n 45 n 15class Main < PlasmaScripting::Applet def initialize parent super parent end
. e def init self.has_configuration_interface = false self.aspect_ratio_mode = Plasma::Squar
46NN B A E i PN DR AT T 16¢ self.background_hints = Plasma: :Applet.DefaultBackground
— . raphicsLinearLayout.new Qt::Horizontal, self label = Plasma::Label.new sel
47 def initialize parent "Hells woridie self.layout.add. item label self.layout o layout
48 super parent end end
49 nd
50 def init
51 self.has_configuration_interface = false
52 self.aspect_ratio_mode asma: :Square
53 self.background_hints = Plasma::Applet.DefaultBackground
54 layout = Qt::GraphicsLinearLayout.new Qt::Horizontal, self
55 label = Plasma::Label.new self
56 label.text = "Hello world!"
57 self.layout.add_item label
58 self.layout = layout
59 resize 125, 125
60 en
R 61 end J

Figure 9: Extraction comparison for a Ruby Plasma tutorial. We use difflib to visualize pairwise comparisons

between resiliparse (left) and jusText (top) or trafilatura (bottom). Note that for code blocks in this page,
jusText removes them while trafilatura collapses whitespace formatting.
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Example 3: http://www.advogato.org/person/knipknap/diary.html?start=82

resiliparse

justext

42Some example code is here:
43

44def handler(request):
45 # The code of your actual web site is here.
46 request.write('Hello World')

47 request.start_session()

48 for key, value in request.get_data():

49 print "GET DATA:", key, value

50 for key, value in request.post_data():

51 print "POST DATA:", key, value

52 for key, value in request.cookies():

53 print "COOKIE:", key, value

54 for key, value in request.session().data():
55] print "SESSION DATA:", key, value

56

57if __name__ == '_main__':
58 from pywsgi import RequestHandler
59 request_handler = RequestHandler(handler)

The above code will work with both, mod_wsgi and mod_cgi. Note that a
6lccessing GET, POST, COOKIE, and SESSION data is completely uniform vi
a a dictionary-like Table object.
62This initial release also comes with complete API documentation.

resiliparse

The above code will work with both, mod_wsgi and mod_cgi. Note that a
11ccessing GET, POST, COOKIE, and SESSION data is completely uniform vi
a a dictionary-like Table object.
12This initial release also comes with complete API documentation.

trafilatura

=]

42Some example code is here:

43

44def handler(request):
45 # The code of your actual web site is here.
46 request.write('Hello World')

47 request.start_session()

48 for key, value in request.get_data():
49 print "GET DATA:", key, value

50 for key, value in request.post_data():
51 print "POST DATA:", key, value

52 for key, value in request.cookies():
53 print "COOKIE:", key, value

54 for key, value in request.session().data():
55 print "SESSION DATA:", key, value
56

57if __name__ == '__main__':

58 from pywsgi import RequestHandler
59 request_handler = RequestHandler(handler)

The above code will work with both, mod_wsgi and mod_cgi. Note that a
6lccessing GET, POST, COOKIE, and SESSION data is completely uniform vi
a a dictionary-like Table object.
62This initial release also comes with complete API documentation.

=]

23Some example code is here:
def handler(request): # The code of your actual web site is here. req
uest.write('Hello World') request.start_session() for key, value in r
equest.get_data(): print "GET DATA:", key, value for key, value in re
quest.post_data(): print "POST DATA:", key, value for key, value in r
equest.cookies(): print "COOKIE:", key, value for key, value in reque
st.session().data(): print "SESSION DATA:", key, value if _ name__ ==
'_main__"': from pywsgi import RequestHandler request_handler = Requ
estHandler(handler)

The above code will work with both, mod_wsgi and mod_cgi. Note that a
25ccessing GET, POST, COOKIE, and SESSION data is completely uniform vi
a a dictionary-like Table object.
26This initial release also comes with complete API documentation.

Figure 10: Extraction comparison for release note blog post. We use difflib to visualize pairwise comparisons
between resiliparse (left) and jusText (top) or resiliparse (bottom). Note that for code blocks in this page,
jusText removes them while trafilatura collapses whitespace formatting.
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E.2 Filtering for CC-Code

We filter the same starting 7B-2x pool correspond-
ing to DCLM-RefinedWeb. We first retain only
pages that contain <pre> elements, focusing on
<pre> since it is a common way to incorporate
code blocks while preserving whitespace format-
ting (e.g., indentation). However, <pre> is also
used for other types of pre-formatted content such
as lyrics, poems, or mailing threads. We therefore
train a fastText classifier to better identify gen-
uine code blocks.

Content-based filtering for code blocks. We in-
spect the 160 domains that contain the most pages
with <pre> elements, labeling each domain as ei-
ther code or non-code related (when unambiguous).
We use this categorization to label all <pre> el-
ements from these source pages as positive and
negative. For positives, we also include any <pre>
elements that contain a child <code> element. As
with the classifier we used for CC-Tables, we train
and use a model based on tokenized HTML in-
puts. For code, however, we also ensemble this
with an additional classifier that operates on an
extracted version obtained using the get_text()
function from BeautifulSoup!® which keeps just
the visible text. Based upon inspecting classifier
scores, we averaged the scores from both and use
0.9 threshold. After this content-based filtering, we
run our extractors and perform the same English
filtering as is done by DCLM-Baseline but with a
slightly looser threshold of 0.25 to account for the
presence of code. We also use DCLM’s fastText
quality classifier to filter down to 55B tokens (to en-
sure sufficient size for no repeats in the cooldown
setting).

F Training details

For our training runs, we generally follow the fixed
training recipes (i.e., architectures and hyperparam-
eters) specified by DCLM (Li et al., 2024) for their
various competition scales and as implemented in
OpenLM (Gururangan et al., 2023). We ran each
1B-1x experiment on 4 nodes of 8xH100 GPUs
which, as also indicated in Table 1 from Li et al.
(2024), uses 240 total GPU hours. For 7B-1x and
7B-2x experiments, we use 16 nodes and incur
costs of 3.7K and 7.3K GPU hours respectively.

A set of experiments that we ran outside of these
standard training configurations is the alternative
cooldowns in Table 5 (top). For these, we still use
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the same number of concurrent GPUs as for 7B-1x
and 7B-2x but the total cost now is 5.5K GPU
hours due to the token count falling in between
those scales. We also change the starting learning
rate to resume from where it left off in the original
DCLM-7B model’s training run (close to le-3).
Another set of experiments where training
details differ are for our table experiments
which make use of the Dataset Decomposi-
tion (Pouransari et al., 2024) technique to train
longer-context models. We train for the same num-
ber of tokens as indicated by the scale name. How-
ever, the training runs incur an extra overhead of
about 40%. 1B-1x models are trained for 4 length
curriculum cycles while 7B-1x models are trained
for 8. Both otherwise retain hyperparameters from
the standard runs. For trafilatura and jusText,
we find it can help performance to use an intermedi-
ate checkpoint (saved after each cycle) but this does
not meaningfully close the gap to resiliparse.

G Evaluation details

Given that we are evaluating pretrained language
models, our test sets are separately curated English
evaluations (as opposed to splits of our training
data). Specifically, we use:

e DCLM’s (Li et al., 2024) CORE_V?2 evlaua-
tions include 22 different base model evalua-
tions with varying test set sizes (please refer
to Li et al. (2024) for more details).

* MMLU (Hendrycks et al., 2021) contains
around 14K 4-way multiple choice questions
covering 57 different subject categories

* For WikiTQ (Pasupat and Liang, 2016), we
modify the implementation from Ashury-
Tahan et al. (2025b) and evaluate each method
on 100 instances x 7 serializations.

* For HumanEval (Chen et al., 2021), we use
the implementation from Ben Allal et al.
(2022) and evaluate each method on 164 ex-
amples x 5 languages.
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