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Abstract
The Icelandic Gigaword Corpus (IGC) is a primary resource for Icelandic NLP, with its current version containing
2.7 billion words of curated text. The IGC is traditionally distributed in a TEI-XML format, a hierarchical structure
that allows for rich linguistic annotation and metadata. However, this format introduces significant friction for
modern machine learning workflows. Even high-quality curated corpora have been found to contain "unwanted"
text sequences—such as fragmented lists or repetitive boilerplate that may trigger instabilities during training of
large language models. In this paper, we present a new processing pipeline designed to optimize the IGC for AI
development. We describe a filtering approach focusing on training stability, including fuzzy deduplication to reduce
the risk of data leakage, with the aim to provide high-quality data for stable model convergence. Furthermore, we
introduce a new JSONL distribution format that bridges the gap between TEI-XML and machine-actionable data,
facilitating easier access and safer training for models aiming to work with Icelandic.

Keywords: LLM training data, Large corpora, Filtering

1. Introduction

Pre-training corpora for modern language models
increasingly rely on web-crawled data. Although
abundant, such data often contains substantial
amounts of low-quality text and duplicate content. A
manual evaluation of five multilingual web-crawled
corpora found that 15 out of 205 language-specific
subsets did not contain a single usable sentence,
and that the proportion of usable text was below
50% in 87 subsets (Kreutzer et al., 2022). As a
result, web-crawled corpora are typically filtered
and deduplicated before pre-training. At the same
time, Transformer-based language models have
proven remarkably robust to noisy pre-training data.
Filtering and deduplication often yield only mod-
est average gains on downstream tasks, and the
benefit of deduplication in particular is inconsis-
tent across corpora and model scales (Raffel et al.,
2020; Muennighoff et al., 2023).

The Icelandic Gigaword Corpus (IGC; (Stein-
grímsson et al., 2018; Barkarson et al., 2022)) is
a curated, high-quality monolingual corpus for Ice-
landic, currently containing approximately 2.7 billion
running words across a wide range of genres. In
recent years, it has become the primary resource
for pre-training and fine-tuning language models
for Icelandic (Snæbjarnarson et al., 2022; Daðason
and Loftsson, 2022; Daðason, 2025). Given the
modest downstream impact often reported for text
quality filtering and deduplication, it is reasonable
to ask whether such preprocessing is necessary for
a curated corpus such as the IGC. However, down-
stream performance is not the only consideration.

Recent work shows that even a small number of

low-quality examples within a single training batch
(e.g., highly repetitive n-gram sequences) can trig-
ger immediate pre-training instability, potentially
causing the model to plateau at worse performance
or diverge during training (Walsh et al., 2025). Our
own experience pre-training on the IGC suggests a
similar pattern, where examples consisting primar-
ily of non-running text (e.g., tabular content or lists
of names, dates, or monetary amounts) or text in a
foreign language appear to disproportionately con-
tribute to training instability, despite representing
only a small fraction of the corpus.

In this paper, we present a filtering and dedupli-
cation pipeline for the IGC, and we present a new
JSON Lines (JSONL) distribution format for the cor-
pus, optimized for LLM pre-training and fine-tuning,
to be published alongside the TEI format.

2. Related Work

Text quality filtering is often performed using rule-
based methods in which numerical features are
extracted from text and compared against predeter-
mined thresholds. Text is discarded if any feature
falls outside an acceptable range. A major ben-
efit of rule-based methods is that they are highly
explainable, making them well-suited to settings
where minimizing false positives is a priority. That
said, there are no standard rulesets for text qual-
ity filtering, and the choice of rules and thresholds
varies considerably between works.

The web-crawled C4 corpus (Raffel et al., 2020)
used a comparatively simple heuristic filtering
pipeline with both line-level and document-level
rules. Lines were removed if they were very short,
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lacked a terminal punctuation mark, or matched
boilerplate patterns (e.g., “terms of use”, “privacy
policy”, or “cookie policy”). Documents were dis-
carded if they contained certain strings indicating
quality issues (e.g., “lorem ipsum”, “Javascript”, or
“{”), or if a language classifier did not label them as
English with high confidence.

The MassiveWeb corpus (Rae et al., 2022) ap-
plied document-level filtering based on a range of
features. Documents were discarded if their word
count or mean word length fell outside an accept-
able range, or if they contained a high proportion
of lines beginning with a bullet point, a high ratio of
hash symbols or ellipses to words, a low proportion
of words containing at least one alphabetic charac-
ter, too few unique stop words, or a high proportion
of repeated lines, paragraphs, or n-grams.

FineWeb (Penedo et al., 2024) reused many of
the rules applied in C4 and MassiveWeb. In addi-
tion, documents were discarded if they had a high
ratio of short lines, a high proportion of characters
in duplicated lines, or a high proportion of lines
ending without a terminal punctuation mark.

Despite the diversity of features and large rule-
sets applied in prior work, Daðason and Loftsson
(2024) found that relatively few features had the
greatest impact on text quality classification. Eval-
uating 13 commonly used features on a manually
labeled dataset, they found that an unsupervised
classifier achieved its highest F1 score using only
three: perplexity, stop word ratio, and mean sub-
word length. The filtering pipeline described in
this paper takes a similarly targeted approach, with
rules derived directly from inspection of low-quality
content found in the IGC rather than from prior work
on web-crawled data.

The Text Encoding Initiative (TEI) guidelines (TEI
Consortium, 2026) remain the standard for the long-
term preservation and linguistic annotation of na-
tional corpora. They allow for nested structures
and granular metadata with detailed information
on everything from part-of-speech tags to licens-
ing, provenance, and how the text was sourced
and cleaned. TEI is used by national corpora such
as the British National Corpus (Burnage and Dun-
lop, 1992), the Bulgarian National Corpus (Koeva
et al., 2010), and the National Corpus of Polish
(Przepiórkowski et al., 2008).

Although rich in metadata, the hierarchical com-
plexity of TEI-XML introduces significant over-
head for machine learning workflows. Conse-
quently, recent projects have prioritized machine-
actionable formats such as JSONL to facilitate high-
throughput, stream-based data loading. The Nor-
wegian Colossal Corpus (Kummervold et al., 2022)
and the Danish Gigaword Corpus (Strømberg-
Derczynski et al., 2021) are notable examples of
this trend. Furthermore, other projects employ

slightly different approaches to obtain the same
goals. For example, the ParlaMint project (Erjavec
et al., 2023), containing 17 parliamentary corpora
in 16 main languages, is published both in the TEI-
based ParlaMint format and a TSV-format that can
easily be converted to JSONL or another format
suitable for machine learning (ML) or NLP. While
TEI will remain the master format for the IGC, we in-
troduce a JSONL distribution alongside it to support
language model pre-training and fine-tuning.

3. The IGC

Since first being released in 2018, the Icelandic
Gigaword Corpus (IGC, Steingrímsson et al., 2018)
has undergone significant expansion, with updated
versions published annually or biannually. The cor-
pus has grown from an initial 1.2 billion running
words to its current iteration of approximately 2.7
billion words (Barkarson et al., 2022; Barkarson
and Steingrímsson, 2024). The IGC is a tagged
and lemmatized corpus. While news media consti-
tutes the largest share of the data, the corpus is
diverse, as seen in Table 1

The corpus is distributed under a dual-licensing
scheme that balances open-access goals with
copyright restrictions from various content
providers. Approximately 63% of the corpus is
available under a permissive license, CC BY 4.0,
allowing for unrestricted use and redistribution.
The largest categories under this license are
social media and internet forums (∼30%), specific
news outlets (∼17%) and parliamentary records
(∼10%). The remaining 37% falls under the IGC
Custom License, a more restrictive license which
permits research use and training of language
models but prohibits republication of raw texts.
All downloads are centralized through the Árni
Magnússon Institute for Icelandic Studies.

The IGC’s adoption has been broad, spanning
corpus linguistics as well as modern NLP. On the
linguistic side, it has been used to track language
change, frequency distributions, and usage pat-
terns, including as a resource underlying the main-
tenance of the Database of Modern Icelandic Inflec-
tion (Bjarnadóttir, 2012; Bjarnadóttir et al., 2019).
In NLP, it has, e.g. served as a source for back-
translation to generate synthetic parallel data for
machine translation (Símonarson et al., 2021; Ja-
sonarson and Steingrimsson, 2025), and as the
core pretraining corpus for Icelandic encoder mod-
els (Snæbjarnarson et al., 2022; Daðason and
Loftsson, 2022). Most recently, it provided training,
validation, and test data for a language modeling
task at GKÍ2026, the Icelandic AI competition1.

1See: https://github.com/gervikeppnin/
GKI2026/tree/main/golden_plate_on_
thingvellir_NLP

https://github.com/gervikeppnin/GKI2026/tree/main/golden_plate_on_thingvellir_NLP
https://github.com/gervikeppnin/GKI2026/tree/main/golden_plate_on_thingvellir_NLP
https://github.com/gervikeppnin/GKI2026/tree/main/golden_plate_on_thingvellir_NLP
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Category Running Words (%)
Adjudications 79,625,568 2.95%
Law, bills and resolutions 60,623,312 2.24%
Published books 13,824,783 0.51%
Scientific/academic journals 20,894,101 0.77%
News media 1,442,810,126 53.43%
Parliamentary proceedings 266,115,169 9.85%
Social media 806,949,613 29.88%
Wikipedia 9,718,240 0.36%
Total 2,700,560,912 100.00%

Table 1: Distribution of running words and percentages across different text categories in the 2024
version of the IGC.

Despite this wide adoption, the IGC’s primary
distribution format presents a practical obstacle
for LLM training. The corpus is encoded in TEI
(Text Encoding Initiative) XML (TEI Consortium,
2026), a standard in corpus linguistics that pro-
vides rich structural and linguistic annotation. For
language model training, however, this richness
becomes friction: the deep nesting of XML tags
means that raw text must be extracted through cus-
tom preprocessing pipelines, typically converting
the corpus to plain text or JSONL while carefully
preserving document boundaries and discarding
markup. An unannotated TEI version introduced in
2022 reduces some of this overhead by providing
cleaner sentence-level nodes, but the fundamental
conversion step remains unavoidable, and doing it
correctly is non-trivial. This paper addresses that
gap directly, presenting a version of the IGC that
has been processed and formatted specifically for
LLM training.

4. The Processing Pipeline

In this section, we describe the processing pipeline
used to filter and deduplicate the IGC. As the corpus
contains a very low proportion of truly low-quality
documents, we opted for a rule-based approach to
text quality filtering in order to minimize false posi-
tives (i.e., erroneously removing high-quality text).
Documents were first normalized, and boilerplate
text was removed where possible. Documents con-
taining issues that were not easily corrected, or that
indicated deeper quality problems, were discarded
entirely. Finally, although empirical evidence for
the benefits of deduplication on downstream per-
formance remains inconclusive, we applied fuzzy
deduplication to reduce the risk of data leakage
between training and validation splits.

4.1. Boilerplate Text
Many documents in the IGC contain strings that are
irrelevant to their main content. This includes nav-
igational elements, keywords, categories, lists of

related articles, advertisements, social media links,
and metadata. Additionally, we removed certain
references to elements not present in the plain-
text version of the documents, such as embedded
videos or audio. We also removed frequently used
signatures and author bylines, as their presence
might bias models towards generating the same sig-
natures or names in their output. We constructed
a separate ruleset for each subcorpus, with each
rule consisting of a regular expression pattern or a
specific substring to be removed.

4.2. Escaped Elements
Some documents in the IGC contain escaped
HTML or XML elements, such as &gt; and &amp;
(representing the characters > and &, respectively).
We unescaped all documents containing such ele-
ments. This sometimes required multiple unescape
operations (e.g., first converting a doubly-escaped
ampersand from &amp;amp; to &amp;, and then
to &). Some documents used custom escaped el-
ements, which we unescaped by either inferring
the appropriate form from the name of the element
or by reviewing correctly rendered versions of the
affected documents.

4.3. Character Normalization
Some documents contain nonprintable or other-
wise undesirable characters, primarily private use
area Unicode characters (code points reserved for
private use) and certain ASCII control characters.
We removed or normalized these characters as
appropriate. Additionally, due to their rarity, we nor-
malized all Unicode whitespace characters (e.g.,
no-break space and thin space) to either a literal
space or a newline character.

4.4. Whitespace Normalization
Documents in the IGC have generally been pre-
processed by collapsing multiple adjacent whites-
pace characters into one, stripping leading and
trailing spaces from each line, and removing empty
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lines. However, a small number of documents do
not fully conform to this, and earlier steps in our
pipeline may also have introduced or eliminated
whitespace or left certain lines empty. We there-
fore repeated this whitespace normalization step
to ensure a consistent input format.

4.5. Short Documents

It is common practice to remove short documents
from pre-training corpora, although there is no stan-
dard approach to doing so (Raffel et al., 2020; Rae
et al., 2022; Ettinger et al., 2025). Following Rae
et al. (2022) and Penedo et al. (2024), we removed
documents containing fewer than 50 words.

4.6. Stop Word Ratio

We calculated the ratio of stop words to all alphanu-
meric tokens within each document. Documents
with a very low stop word ratio tend to consist primar-
ily of non-running text (e.g., tabular data, lists, and
bullet points), or foreign-language or non-linguistic
content. We discarded documents whose stop
word ratio fell below a minimum threshold of 22%.

4.7. Internal Duplication

We discarded documents in which at least 20% of
sentences are duplicated. This can occur in short
news articles that open with a brief preview, which
is then repeated verbatim in the body of the arti-
cle. For short articles, this preview can account for
a significant portion of the total document length.
Beyond this pattern, some documents contain un-
expected instances of duplicate text, either present
in the source file from which the text was extracted
or mistakenly introduced during the extraction pro-
cess itself. As it is difficult to determine which du-
plicate segments to remove, if any, we chose to
discard documents with a high degree of internal
duplication.

4.8. Code

Some documents contain unintended code, such
as HTML, JavaScript, or XML, typically introduced
when text is extracted from malformed source files.
These are generally short and incomplete snippets
that can be difficult to remove cleanly and may indi-
cate deeper quality issues within the document. For
this reason, we discarded any document contain-
ing code. Documents that intentionally contained
code, such as Wikipedia articles on programming
languages or computer science topics, were ex-
cluded from this filter.

4.9. Character Encoding Errors
Character encoding errors can be introduced when
documents are decoded using an incorrect char-
acter encoding. For example, decoding a UTF-8-
encoded file as Latin 1 will produce garbled out-
put, such as rendering “ö” as “Ã¶”. Certain charac-
ters are strongly associated with such errors, and
we discarded any document in which they were
present.

4.10. Phrase Filtering
We identified and removed several classes of un-
wanted documents using targeted string matching.
These include messages requesting that the reader
log in, create an account, or subscribe in order to
view the full contents. Documents containing such
strings are often cut off mid-sentence, featuring
only a heavily truncated version of the full text. We
also removed documents containing warnings that
JavaScript must be enabled to view the content,
as these may indicate deeper quality issues. Fi-
nally, we discarded documents containing phrases
closely associated with template-generated con-
tent, such as Wikipedia disambiguation pages.

4.11. Optical Character Recognition
Errors

Some subcorpora in the IGC contain documents
digitized using optical character recognition (OCR)
software. On rare occasions, this process yields
heavily garbled results, with a significant proportion
of non-alphanumeric symbols that rarely occur in
high-quality text. As correcting such errors is dif-
ficult, time-consuming, and risks introducing addi-
tional errors, we discarded documents where such
symbols are present.

4.12. Old Documents
Documents published prior to 1930 often contain
non-standard spelling and were thus discarded.

4.13. Fuzzy Deduplication
We performed fuzzy deduplication using MinHash
and LSH with 20 bands of size 13. For each clus-
ter of near-duplicate documents, we retained the
longest document from the subcorpus whose doc-
uments had the highest overall pass rate on the
preceding filtering steps, using this as a proxy for
subcorpus quality.

5. The JSONL Format and Publication

To facilitate high-throughput training, we provide
the processed IGC in JSONL format, as shown in
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{
"tei_archive": "IGC-News2-22.10.TEI.zip",
"tei_path": "IGC-News2-22.10.TEI/fotbolti/2005/02/IGC-News2-fotbolti_1260328.xml",
"source": "fotbolti.is",
"altered": true,
"text": "..."

}

Figure 1: Example of the new JSONL distribution format for the IGC. The inclusion of tei_path ensures
full traceability to the original TEI-XML source.

Figure 1. Each line in the JSONL distribution rep-
resents a document in the corpus. It contains the
raw text alongside essential provenance metadata,
including whether it has been altered by the pro-
cessing pipeline, as indicated in the “altered” field.
This allows researchers to track any document back
to its original TEI-XML source if the rich linguistic
annotations (such as POS tags or lemmas) are
required.

The IGC’s dual-licensing model necessitates a
split distribution strategy:

Open Access (CC BY 4.0): The portion of the cor-
pus under permissive licensing is made available
both in the CLARIN-IS repository2 and on Hugging
Face3, which allows for immediate integration into
standard ML data loaders. This part of the corpus
is ≈795M running words after filtering.

Custom License: The other part of the corpus,
published with the custom license which allows for
research and training but restricts raw text redis-
tribution, is only available through the CLARIN-IS
repository4. This part of the corpus is ≈895M run-
ning words after filtering.

Users wishing to train on the full running 1.6 bil-
lion words of filtered data can easily merge the two
JSONL streams. To support reproducible research,
we also provide pre-defined training and validation
splits for both portions of the corpus.

6. Discussion

Table 2 shows the number of documents and to-
kens discarded during the filtering and dedupli-
cation process. These statistics do not include
documents from published books, journals, or so-
cial media, which are distributed as shuffled para-
graphs or sentences for licensing and copyright
reasons, making them unsuitable for inclusion in
a pre-training corpus. The remaining text consists

2https://repository.clarin.is/
repository/xmlui/handle/20.500.12537/381

3https://huggingface.co/datasets/
arnastofnun/IGC-2024-filtered-1

4https://repository.clarin.is/
repository/xmlui/handle/20.500.12537/382

of 1.9 billion tokens, of which 1.6 billion are words,
across 4.8 million documents. The most commonly
discarded category by document count consists
of documents containing fewer than 50 words, al-
though these account for a negligible proportion of
tokens in the IGC. The largest category by number
of tokens is near-duplicates, totaling approximately
84 million tokens. The most common type of near-
duplicates were news articles published both online
and in printed newspapers. The stop word ratio fil-
ter flagged a substantial number of documents with
a high proportion of non-running text. Although
such documents represent a small proportion of
the corpus, we believe their removal should result
in measurably improved training stability. Overall,
while a substantial number of documents were re-
moved, most were simply unsuitable for pre-training
rather than truly low-quality or noisy text.

Table 3 shows the number of documents that
were normalized or altered, excluding those dis-
carded entirely. Aside from boilerplate removal,
these categories proved to be quite rare. Never-
theless, since we prioritized high accuracy with
minimal false positives, we expect that even these
infrequent corrections will help prevent the model
from wasting capacity on malformed or noisy text.

These results strongly suggest that text quality
in the IGC is generally very high, as expected for
a curated corpus, but also confirm that a number
of documents contain pathological text sequences
that can negatively impact training stability. In prac-
tice, we observed that training examples consisting
primarily of foreign-language text or non-running
text sometimes caused spikes in gradient norms
during pre-training, leading to increased training
and validation losses, as described by Walsh et al.
(2025). Although there is a subjective element to
decisions about what text should be normalized or
discarded, monitoring training stability can provide
empirical grounding for such choices.

That said, filtering certain types of text in favor of
training stability can come at a cost. For a mono-
lingual model, it would be unrealistic to expect any
benefits from cross-lingual transfer by retaining the
small amount of foreign-language text present in

https://repository.clarin.is/repository/xmlui/handle/20.500.12537/381
https://repository.clarin.is/repository/xmlui/handle/20.500.12537/381
https://huggingface.co/datasets/arnastofnun/IGC-2024-filtered-1
https://huggingface.co/datasets/arnastofnun/IGC-2024-filtered-1
https://repository.clarin.is/repository/xmlui/handle/20.500.12537/382
https://repository.clarin.is/repository/xmlui/handle/20.500.12537/382
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Category Documents Tokens
Short documents 348,841 12,777,006
Near-duplicates 215,553 83,956,512
Stop word ratio 175,923 38,791,290
Internal duplication 41,737 27,445,929
Code 18,382 7,552,647
Character encoding errors 7,047 1,321,170
Phrase filtering 7,039 1,142,784
OCR errors 6,799 3,745,532
Old documents 2,240 17,772,286
Total (unique) 752,784 183,021,842

Table 2: Number of documents and tokens for each category discarded in the filtering pipeline. Near-
duplicates do not include the canonical document in each cluster.

Category Documents
Boilerplate text 429,108
Escaped elements 10,996
Character normalization 3,212
Whitespace normalization 480
Total (unique) 443,298

Table 3: Number of documents normalized or oth-
erwise altered by category, not including discarded
documents.

the IGC. However, filtering out non-running text
risks discarding meaningful information. For ex-
ample, tables convey a great deal of structured
content, but have historically been difficult to repre-
sent in plain text format. An alternative would be to
encode such content in a format better suited for
subword tokenizers and language models, such as
JSON or Markdown. However, this would need to
be performed at the text extraction stage, prior to
filtering, and we therefore leave it to future work.
Until then, discarding such text in favor of improved
training stability remains the most practical option.

While a great deal of foreign-language text can
be filtered using simple heuristics like stop word ra-
tios, language classifiers offer a much more robust
approach in principle. Documents that are primarily
in other languages are excluded from the IGC, but
foreign text often appears within Icelandic docu-
ments, sometimes as lengthy excerpts. For future
versions of the pipeline, we plan to experiment with
paragraph-level language identification. Fedorova
et al. (2026) compare GlotLID (Kargaran et al.,
2023) and two versions of OpenLID (Burchell et al.,
2023), finding F1 scores in the high 0.90s on hard
evaluation sets and very close to 1 for other eval-
uation sets when disambiguating between Scan-
dinavian languages. While they do not evaluate
Icelandic, Burchell et al. (2023) report an F1 score
of 1.0 for Icelandic in their results for the first ver-
sion of OpenLID. Incorporating a language identifier
based on one of these recent tools could therefore

serve as a valuable addition to the pipeline.

7. Conclusions and Future Work

We have presented a new JSONL distribution of
the IGC, in a format specifically optimized for LLM
training. We also described our filtering and dedu-
plication pipeline and demonstrated that even high-
quality corpora can contain segments that are
flawed and unwanted for most NLP tasks. This
included repetitive templates, code snippets, and
tabular data or other non-running text that can trig-
ger instabilities when training LLMs.

To safeguard against such issues we used tar-
geted, mostly rule-based filtering. By removing
approximately 752,000 problematic or redundant
documents, we provide a more robust foundation
for stable training without sacrificing the richness
and linguistic diversity that makes the IGC unique
among Icelandic text corpora. Furthermore, by dis-
tributing the corpus in a machine-actionable JSONL
format with clear training and validation splits, we
lower the barrier to entry for researchers and de-
velopers working on Icelandic AI.

Future iterations of this work will focus on two
primary directions. First, rather than discarding
non-running text such as tables or lists, we aim
to develop heuristics to reformat these structures
where possible into more useful representations
(e.g., Markdown or structured JSON). This would
preserve information that is currently lost during
text extraction. Second, we plan to integrate state-
of-the-art language identifiers, such as OpenLID, at
the paragraph level to better handle code-switching
and foreign-language excerpts within Icelandic doc-
uments. Through these continued refinements, we
aim to ensure the IGC remains the definitive re-
source for the next generation of Icelandic language
technology.
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