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Abstract
Web-scale text corpora provide NLP re-
searchers and corpus linguists with access to
vast quantities of language data, but efficiently
identifying the subsets of a large corpus that are
relevant to a particular research aim remains a
significant challenge. Existing approaches, in-
cluding keyword search and task-specific clas-
sifiers, are often either too restrictive or depend
on costly retraining for each new research ques-
tion. We explore and evaluate the feasibility of
a task-agnostic, LLM-driven descriptor schema
for annotating web documents, using LLMs to
generate natural-language labels that capture
stylistic, tonal, topical, and structural proper-
ties of texts. Unlike prior work that emphasizes
broad categorization or quality filtering, our
approach yields fine-grained and interpretable
descriptors designed to support flexible down-
stream applications. We evaluate the approach
from multiple angles and show that descriptor-
based annotation can enable flexible document
retrieval while also exposing challenges related
to schema harmonization and descriptor speci-
ficity.

1 Introduction

Natural language corpora have grown rapidly from
the 1-million-word Brown corpus built in the 1960s
to multi-trillion word corpora today. Large web cor-
pora provide unprecedented insight into language
use on the internet and are also used to train state-
of-the-art Large Language Models (LLMs). How-
ever, large corpora are often only the starting point
for a research project and are rarely used in their
entirety. Corpus linguists typically only focus on
a small subset of documents that are relevant to
their research questions. Even for LLM training,
requiring trillions of tokens, identifying the highest
quality documents can be more important than fo-
cusing on quantity (Su et al., 2025; Lozhkov et al.,
2024; Li et al., 2024; Diao et al., 2025).

To facilitate broader adoption of these vast col-
lections in research, the data need rich annotations

and metadata. In this paper, we build and evaluate
a data-driven task-agnostic approach for generating
open-ended document annotations. We leverage
LLMs to generate a comprehensive document de-
scriptor schema with more than 800,000 unique
labels that can be used to create subsets of data for
many purposes with relative ease. We present a
proof-of-concept implementation of the approach
and the steps taken in developing it and evaluate
the descriptors for accuracy, aspect coverage, and
usability. We release our code and the descrip-
tor schema, which can be applied to any English
corpus of web documents, and a ready-to-use, 10-
billion-token descriptor-annotated corpus.

2 Background and related work

The idea of using the internet as a source of large-
scale language data began at the start of the millen-
nium with the Web-as-Corpus approach (Kilgarriff
and Grefenstette, 2003). The value of metadata
in large web corpora has also long been recog-
nized (e.g., Barbaresi 2016) and, recently, LLMs
have emerged as tools for annotating and analyzing
text data at scale (Tan et al., 2024; Yadav et al.,
2024; Chen et al., 2024a,b). ChatGPT and other
state-of-the-art LLMs already outperform human
coders in many annotation tasks (e.g., Bermejo et al.
(2024); Gilardi et al. (2023); Törnberg (2024)). For
example, Maragheh et al. (2023) use an LLM to
generate thematic keywords for English news and
e-commerce documents while Zhang and Takada
(2025) use GPT-4o in an active learning setting,
where documents are labeled with the LLM for
classification tasks.

Identifying valuable documents for LLM train-
ing from large web corpora has become increas-
ingly important (Penedo et al., 2024; Chen et al.,
2024a; Su et al., 2025; Li et al., 2024). To this end,
Wettig et al. (2025) introduce WebOrganizer, two
parallel taxonomies that characterize the topic and
format of web documents. They use Llama models
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to annotate documents and train smaller classifiers
for subsequent large-scale annotation. Lozhkov
et al. (2024) use an LLM to annotate web docu-
ments for their educational value and train a clas-
sifier to produce FineWeb-Edu. Idahl et al. (2026)
use an LLM to annotate web documents along 18
quality axes such as completeness, structure, and
information density.

All of the approaches above follow the same ba-
sic steps: (1) Annotate data. (2) Train a classifier
on the annotated data. (3) Run inference on the
full dataset. This requires considerable compute
effort, as well as extensive human labor if the train-
ing data is manually annotated. These approaches
rely on manually crafted, task-specific annotation
schemas and categorize documents into a relatively
small number of broadly defined categories with
coarse labels. While this approach works, it lim-
its the usability of the annotations to applications
directly supported by the annotation schema. For
instance, if one were to seek to retrieve “sarcas-
tic” documents in the presently available large web
corpora, no metadata in these corpora allow that
query to be made. Consequently, the cycle of an-
notation, training, and inference on a large corpus
must be repeated for this and every other new task
not directly supported by the existing annotation
schemas.

While training new classifiers is feasible for ma-
jor undertakings, a myriad of smaller tasks and
niche research questions remain unexplored due
to this constraint. Therefore, in this paper we ex-
plore an approach where each document is given a
task-agnostic annotation that is detailed enough to
support a wide variety of tasks. In this bottom-up
approach, an LLM generates a descriptor schema
spanning hundreds of thousands of unique labels
instead of relying on a few predetermined cate-
gories. Crucially, the data is annotated just once,
after which the descriptors can be used with little
cost and effort either on their own or as a first-pass
filter. We propose our approach as a complement
to, not a replacement for, traditional classification
schemas. In our view, the more metadata large
corpora have, the more accessible they are for all
corpus users.

This philosophy of scalable, open-ended anno-
tation shares conceptual ground with prior work,
though with key distinctions. For example, Top-
icGPT (Pham et al., 2023), similarly employs an
LLM to generate topic labels for documents. How-

Figure 1: Example of a descriptor, consisting of a tag
and a definition.

ever, our method differs in several key respects: (1)
TopicGPT assigns only topic labels, whereas our
descriptors capture additional document aspects
(see Section 4.2); (2) the scale of labels in Top-
icGPT is limited to dozens, rather than the hun-
dreds of thousands in our schema; and (3) Top-
icGPT relies on predefined seed labels to guide
annotation. Lu et al. (2024) also employ an LLM
for open-ended annotation, but their work focuses
on tagging LLM instructions to facilitate efficient
model fine-tuning rather than general-purpose doc-
ument description.

3 Method

Our objective is to assign each document a num-
ber of descriptors, where each descriptor captures
some aspect of the document. Every descriptor con-
sists of two parts: a unique tag and a definition (see
Figure 1). The tag is a short phrase (usually 1–3
words) that holds the main meaning, while the defi-
nition expands on it by providing additional context
and specificity. The definitions help distinguish be-
tween otherwise ambiguous or opaque tags, and
add detail and length for better embeddings, which
is useful for downstream tasks.

3.1 The descriptor schema

As the basis of our descriptor schema, we use a
sample of 500,000 documents from FineWeb, a
collection of relatively high-quality English doc-
uments (Penedo et al., 2024). This sample is se-
lected to ensure comprehensive coverage of the
diverse text types, topics, and formats present on
the English web. We label the data using Llama-
3.3-70B-Instruct (Grattafiori et al., 2024). In initial
experiments, we found that this model generates
high-quality descriptors while being computation-
ally manageable at our data sizes.1

The annotation is carried out in an open-ended
fashion, with descriptors created dynamically dur-

1While newer models have become available since our
initial runs, re-running all experiments is unlikely to produce
radically different results to justify the resource cost.
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Figure 2: Rate of tag schema growth with different
maximum vocabularies (average of 5 runs, batch size
50). Vocabulary size refers to the number of existing
tags given in the prompt.

ing the annotation process. Since each document
is labeled independently, a major methodological
challenge is ensuring that the descriptors are de-
tailed enough to cover all aspects of the document
while avoiding semantic duplication, where the
same phenomena are annotated with differently
worded descriptors. The most straightforward ap-
proach would be to inform the model about descrip-
tors assigned in previous data batches in the prompt
and instruct it to introduce new descriptors only
when necessary. Ideally, the annotation schema
would grow quickly at first and then plateau, as
most of the required labels would already exist.
This approach would generate a comprehensive la-
beling schema in a single pass through the data. To
examine this strategy, we conducted a preliminary
experiment using tags alone, on the assumption that
the model would find it easier to track existing tags
than full descriptors. Figure 2 shows the growth
of the tag vocabulary under three prompting condi-
tions: providing the full, growing tag vocabulary,
providing no vocabulary, or providing only the top
N most common prior tags.

This experiment indicated that the model strug-
gles to adhere to the given schema. We observed
substantial levels of synonymous tags in the model
output even when the model was informed of suit-
able existing tags. Moreover, contrary to expec-
tations, providing a larger vocabulary accelerated
the rate at which new tags were generated. Prompt
tuning alone was insufficient to mitigate this issue.

Since generating the schema and labeling the
documents in a single pass was found to be unfea-
sible, an alternative approach is to first generate de-

scriptors freely and subsequently refine the schema
by merging duplicates and synonyms. Our first
attempt was to cluster and merge new descriptors
with the existing schema after each new batch of
data. While this slowed the growth of the descrip-
tor schema, descriptors that were lexically similar
but semantically opposed, such as “Formal” and
“Informal”, tended to get merged. To avoid this, the
LLM was tasked with deciding whether and how
to merge a cluster. While this approach worked
better, throughput slowed drastically, preventing
large-scale annotation. Hence, merging was imple-
mented in two separate post-processing steps.

The final pipeline consists of three steps: (1)
Generation: the initial descriptors are generated for
each document independently; (2) Disambiguation:
descriptors with duplicate tags are either merged,
with their definitions revised accordingly, or re-
named so that each unique descriptor has a unique
tag; (3) Synonym merging: synonymous or near-
synonymous descriptors are merged. These steps
together produce a descriptor schema where each
unique tag has exactly one definition and the preva-
lence of synonymous or near-synonymous descrip-
tors is minimal.

To preserve space, the descriptions of the steps in
the following sections are abbreviated. For a more
comprehensive description and the full prompts
used, refer to Appendices A and D.

3.1.1 Generation step
The generation step consists of three stages: gen-
eration, rewriting, and revision. First, the model is
given one document and is prompted to “[d]escribe
the document in aspects including, but not limited
to, style, tone, genre, topic, domain, language, qual-
ity, sentiment, etc.” For each tag, the model is also
prompted to generate a definition, which should
“explain its meaning and relevance to the document
in 2 to 3 sentences”. The generated descriptors
should be detailed enough to support approximate
reconstruction of the original content from the de-
scriptors alone. However, to avoid mixing highly
specific details with more general features, the
model is prompted to place minute details under
specifics. These are used to evaluate the model’s
ability to reconstruct the document but are not used
thereafter.

To evaluate how well the meaning of the doc-
ument is captured in the descriptors, we give the
descriptors generated in the previous stage back to
the model and ask it to rewrite the corresponding
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document. The rationale behind this step is that
a set of descriptors accurately reflecting as many
aspects of a document as possible should, in princi-
ple, serve as a robust blueprint for rewriting it. If
the generated text closely resembles the original,
this suggests that the descriptors have successfully
preserved its meaning.

Since the LLM might not generate high-quality
descriptors in its first attempt, the model is asked
to evaluate the quality of the rewrite by compar-
ing it to the original and to revise the descriptors
to produce a more faithful rewrite next time. The
revision stage is followed by another rewrite, now
using the revised descriptors, and then another re-
vision. Although this process could be repeated
arbitrarily many times, we stop after three sets of
descriptors and rewrites to preserve computational
resources.

To identify the set of descriptors that best cap-
tured the meaning of the original document, we em-
bed the original document and each of its rewrites
using the Stella-en-400M-v5 model (Zhang et al.,
2025) and calculate their cosine similarity. The
closer a rewrite is to the original document, the bet-
ter the descriptors have summarized the document
and thus, the better their quality. Our experiments
confirm that rewrite similarity increases with more
descriptor revisions (Figure 3).

Only the best descriptors for each document are
kept. Labeling 500,000 documents results in nearly
7.5 million unique descriptors. Each document gets
an average of 15 descriptors, and some of the most
common tags are “formal tone”, “conversational
tone”, and “technical”.

Figure 3: Number of documents whose best rewrite was
generated on the first, second, and third attempts. The
best rewrite was most often generated on the third at-
tempt, although the average increase in cosine similarity
was modest.

Step Descriptors

Generation 7,433,036
Disambiguation 1,001,994
Synonym merging 800,488

Table 1: Number of unique descriptors after each step
in the pipeline.

3.1.2 Disambiguation step
In the disambiguation step, we normalize all tags
to lowercase and group together all definitions for
a given tag. The vast majority of tags have only
one definition, but some have up to thousands of
different definitions. The groups with more than
one definition are given to the LLM, which is
prompted to either merge (near-)synonymous en-
tries and provide one comprehensive descriptor or
split the group into several descriptors, each con-
sisting of a locally unique tag and definition.

3.1.3 Synonym merging step
After disambiguation, the schema still contains
many (near-)synonymous descriptors because only
exact tag duplicates were grouped together in the
previous step. For instance, tags such as "formal
tone" and "formal language" are still separate at
this point. In the synonym merging step, each de-
scriptor is first embedded using the Stella model,
and mutually nearest neighbors are provided to the
LLM. The model either accepts them as synonyms
and chooses one to represent both or rejects their
synonymity and keeps them as separate entries. Af-
ter each iteration, new mutually nearest neighbors
are identified and provided to the model until none
are left. After synonym merging, the descriptor
schema has condensed from nearly 7.5 million to
around 0.8 million unique descriptors, where each
tag is unique and has only one definition (Table 1).

3.2 Harmonization

The previous three steps, when carried out on a
sufficiently large number of documents, will result
in a schema of descriptors capable of describing a
broad variety of documents. Any new documents
can thereafter be annotated in this schema, without
further updates. For new documents, we first apply
the descriptor generation step (Section 3.1.1). This
produces document-specific descriptors that do not
necessarily correspond to the schema. We refer to
these independently generated descriptors as raw
descriptors throughout the remainder of the paper.

Next, these raw descriptors are mapped onto the
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existing schema. We refer to the resulting schema-
mapped descriptors as harmonized descriptors. For
each raw descriptor, we retrieve the 10 most similar
descriptors from the schema2 and use the Llama
model to select the best match among them. If the
model rejects all 10 candidates, the descriptor is
dropped, although in our experiments, this only
happens to less than 0.5% of the descriptors. In the
end, each document has a set of raw descriptors and
a similar but schema-adhering set of harmonized
descriptors.

While the unharmonized raw descriptors can
be used as-is without harmonization, the harmo-
nization step achieves two goals: First, it ensures
the descriptors adhere to the frozen descriptor
schema, which makes descriptor annotations be-
tween datasets and possibly different annotator
models comparable and compatible with the same
downstream processing methods. For example, ex-
amining the label distribution of two descriptor an-
notated corpora could reveal biases in their content.
This comparison would be much more difficult to
do without harmonized descriptors. Second, har-
monization limits the descriptor space by reducing
the number of unique descriptors. This is desirable
because it makes the descriptors easier to use and
greatly reduces the number of singleton descriptors
(i.e., descriptors that appear in a single document),
which leads to better recall in retrieval and classifi-
cation tasks (see Sections 4.3 and 4.4).

4 Evaluation

We evaluate the descriptors on a sample of 100,000
FineWeb documents that were not used to derive
the descriptor schema. We annotate the test doc-
uments with raw descriptors and then harmonize
them and evaluate both raw and harmonized de-
scriptors. On average, each document in the test set
received 15 descriptors. Raw descriptors follow a
long-tailed distribution, where the majority appear
in only a single document, while the average har-
monized descriptor appears in close to 5 documents
(Figure 4).

For much of the evaluation, we rely on an LLM-
as-judge approach, as human annotation would
be prohibitively expensive. We use Qwen3-Next-
80B-A3B-Instruct (Qwen Team, 2025) as the judge
model. This model was chosen due to its strong
performance and computational efficiency. It is

2Based on cosine similarity of their embeddings calculated
using the Stella model.

Figure 4: The number of documents in which the 15,000
most common tags and descriptors occur in the harmo-
nized and raw settings. Harmonized tags not shown
since their counts equal harmonized descriptors.

from a different model family than the annotator
model, which mitigates same-model bias. A small
scale human annotation test is conducted to verify
the reliability of the model (Section 4.1).

4.1 Evaluation 1: Descriptor accuracy

For the descriptors to be useful, they need to be
accurate. While we can expect raw descriptors to
be mostly accurate, since research has indicated
that LLMs perform well as data annotators, some
loss in accuracy is difficult to avoid during harmo-
nization when a raw descriptor is mapped to its
(near-)synonym from the schema.

We evaluate the accuracy of the descriptors on a
sample of 5,000 documents from the test data. The
judge model is given a document with its descrip-
tors and is prompted to evaluate how accurately the
descriptors describe the document on a five-point
scale. The results are summarized in Table 2. Al-
most 90% of the raw descriptors are judged to be
accurate, while only approximately 5% are inac-
curate or mostly inaccurate. As expected, the har-
monized descriptors are less accurate. Still, nearly
80% are judged to be at least partially accurate.
This result shows that while the model does the
initial descriptor annotation with high accuracy,
the process of harmonizing the descriptors with an
existing schema requires further development in
future work.

We also have two human annotators annotate a
sample of 20 documents and their descriptors along
the same 5-point-scale as the LLM judge. The inter-
annotator agreement (weighted Cohen’s Kappa) be-
tween the two human annotators is 0.43 for raw
descriptors and 0.58 for harmonized descriptors.
Agreement between annotators and the LLM judge
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Model judgment Raw Harmonized

Accurate 88.67% 61.81%
Mostly accurate 0.83% 2.90%
Partially accurate 5.58% 14.61%
Mostly inaccurate 0.55% 1.51%
Inaccurate 4.36% 19.16%

Table 2: Descriptor accuracy as determined by LLM
judge.

ranges from 0.37 to 0.49 for raw descriptors and
0.43 to 0.49 for harmonized descriptors. These
scores indicate moderate agreement between hu-
man annotators and the judge model. The modest
kappa is partially explained by the skewed label
distribution and resulting high chance agreement
(see confusion matrices in Figures 6 and 7 in Ap-
pendix E). Most disagreements are adjacent (e.g.,
Accurate vs. Mostly Accurate), suggesting agree-
ment on the general accuracy of descriptors but
disagreement in fine-grained assessments. While
the annotations are noisy, they provide reasonable
confidence both in the accuracy of the descriptors
and in the performance of the LLM judge model.

4.2 Evaluation 2: Document aspect coverage

A primary motivation for our method is to create
metadata that can be used to create subsets of data
for tasks that are not known when the annotation
schema is created. Therefore, we analyze the as-
pects the descriptors cover and how they are dis-
tributed. We take a sample of roughly 5,000 docu-
ments, containing almost 75,000 descriptors, and
use the same LLM judge model to categorize each
descriptor into one or more aspect categories (see
Appendix F for detailed description). Then, for
each document, we measure if a given aspect cate-
gory is present in at least one of its descriptors.

The results in Table 3 show that the most com-
mon aspect described by descriptors is Content
& Subject Matter, followed by Style & Tone and
Structure & Format. In terms of document cover-
age, we find that almost all documents have at least
one descriptor relating to Content & Subject Mat-
ter. Coverage of other aspects is less common but
still 69% of documents cover at least 4 aspects and
35% cover at least 5. The results for harmonized
descriptors are very similar. In sum, document top-
ics are the most covered aspect but other aspects
are covered as well, including aspects not directly
mentioned in the initial generation prompt.

4.3 Evaluation 3: Comparison to existing
annotation schemes

In this section, we compare descriptors to two ex-
isting web document annotation schemes to assess
how well the descriptors capture the information
contained in these task-specific schemes. We apply
the WebOrganizer classifiers, which assign each
document with a format and a topic label (Wettig
et al., 2025), to our test data. We also use the edu-
cational labels from FineWeb-Edu (Lozhkov et al.,
2024). While these classification schemes provide
a useful benchmark, machine-generated labels may
contain inaccuracies. Subjectivity further compli-
cates evaluation: we test this by using the LLM
judge to evaluate whether the labels derived from
the WebOrganizer classifiers are accurate. The
LLM judge agrees with the classifier labels less
than 60% of the time. Additionally, the descrip-
tors offer a much more granular representation of
content, with an average of 15 descriptors per docu-
ment. With these limitations in mind, while we use
WebOrganizer and FineWeb-Edu labels as compar-
ative reference points, our results should be inter-
preted as indicative of broader trends rather than
definitive ground truth.

First, we compare descriptors to WebOrganizer
labels by providing the LLM judge with all the
descriptors of a given document and asking which
format and topic labels can be reasonably inferred
from them. We find that 77% of topic labels could
be inferred from both raw and harmonized descrip-
tors, while inference rates for format labels were
57% (raw) and 53% (harmonized). This indicates
that the descriptors often contain information about

Aspect Descriptor
coverage

Document
coverage

Content & Subject Matter 43,284 (58%) 4,898 (99%)
Style & Tone 15,034 (20%) 4,304 (87%)
Structure & Format 7,236 (10%) 2,673 (54%)
Quality & Trustworthiness 3,837 (5%) 2,619 (53%)
Audience & Engagement 3,297 (4%) 2,600 (53%)
Ethical & Legal 1,164 (1%) 835 (17%)
Linguistic Features 1,103 (1%) 1,881 (38%)
Other 80 (<1% ) 132 (3%)

Table 3: Aspect categories of raw descriptors according
to the LLM judge. Descriptor coverage refers to the
number of descriptors in the 5,000 document sample
that cover the corresponding aspect. One descriptor may
belong to more than one category. Document coverage
refers to the number of documents that have at least one
descriptor that covers the corresponding aspect.
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a document’s topic while information about its for-
mat is rarer, while still often present, which sup-
ports the results in Section 4.2.

Next, we train logistic regression classifiers us-
ing descriptors as features to predict topic, format,
and educational labels and compare them against
classifiers trained with TF-IDF features. This tests
how much information relevant to predicting these
labels is carried in the descriptors and how acces-
sible this information is to a linear classifier com-
pared with information encoded in n-grams. We
split the test data into 80/20 training and test sets
and target the binary FineWeb-Edu labels and the
WebOrganizer topic and format taxonomies, each
with 24 classes. For each task, we train a one-vs-
rest logistic regression model.

We use the tags (not full descriptors) as features,
encoded as a binary presence vector. In the harmo-
nized setting, each tag has one definition, making
harmonized tags and descriptors equivalent. In
the raw setting, however, most full descriptors are
unique to a single document, providing little basis
for learning. Tags, in contrast, recur across docu-
ments and can thus serve as meaningful predictive
features. The TF-IDF reference models are trained
on 1–2-grams from full texts. The full per-class re-
trieval results appear in Appendix G (Tables 7–12).

The raw descriptors perform on par with TF-IDF
capped at 50,000 features (Table 6) on macro-F1
on the educational (0.76 vs. 0.75) and format la-
bels (0.48 vs. 0.49), but fall behind on topic (0.65
vs. 0.73). Even though our other evaluations show
that topics are well represented in the descriptor
space, their large number hints at very fine topic
distinctions, which lead to sparse features and low
performance. Raw descriptors outperform harmo-
nized ones on all three tasks, reflecting the accuracy
loss from harmonization.

The strength of descriptors as features is in their
interpretability: for example, most of the highest-
weighted features for non-educational documents
are interpretable phrases (“product description” and
“international travel guide”), whereas TF-IDF’s are
opaque tokens (“me”, “my”, and “2018”) (Table 13,
Appendix G).

We also test the applicability of the descriptor-
trained models as cheap filters by ranking the docu-
ments by the model’s score for each class to find the
fraction of the test corpus that must be scanned to
reach 80% and 20% recall. To reach 80% recall on
topic, the descriptors require scanning 11.6–11.8%

of the corpus against 7.2% for TF-IDF, and on
format 22–24% against 16%. The gap narrows con-
siderably at the top of the ranking: at 20% recall
the descriptors scan nearly the same fraction as TF-
IDF (1.3% vs. 1.1% on topic, 2.6–2.7% vs. 2.2%
on format). Performance also varies by class: the
descriptors are strongest on semantically coherent
classes such as Adult, Religion, and Legal Notices,
and weakest on classes defined by surface form
or boilerplate, such as FAQ and Content Listing.
Overall, the results in this section suggest that many
of the distinctions made by existing purpose-built
web annotation schemes are also reflected in the
descriptors to some extent, despite the descriptors
not being explicitly designed for them.

4.4 Evaluation 4: Retrieving documents
without a classifier

One of our central goals is to enable fast and sim-
ple retrieval from a large corpus. To test this, we
perform embedding-based similarity search for We-
bOrganizer topic and format labels from our test
data. We embed each label together with its defi-
nition (Wettig et al., 2025, pp. 17–18) as a query.
Additionally, we query for “sarcastic” documents
as an example of a text type that could be of in-
terest to researchers but is not covered by popular
annotation schemes and is difficult to retrieve with
a simple keyword or regular expression matching.

The evaluation is done in four steps: (1) Format
each query as a descriptor (tag + definition). (2) Re-
trieve the nearest test set descriptors via Stella em-
beddings and a Faiss index (Douze et al., 2026), us-
ing a fixed squared Euclidean distance threshold of
320, which we experimentally find retrieves mostly
plausible results without excluding too many po-
tentially relevant hits. (3) Apply the LLM judge to
filter retrieved descriptors for query relevance. (4)
Use the resulting set of query-matched descriptors
to retrieve the corresponding documents.

Using labels given by the WebOrganizer format
and topic classifiers as the ground truth, we find that
some labels are retrieved more accurately (e.g., Pol-
itics and Personal Blog) than others (e.g., Spam &
Ads), while topic labels perform better than format
labels (Table 4, full results in Appendix H). While
raw descriptors have slightly higher precision, har-
monized descriptors have better recall since a raw
descriptor typically only retrieves one document,
while one harmonized descriptor might appear in
hundreds of documents.

258



In light of the issues with the WebOrganizer
labels discussed in 4.3, we also evaluate the re-
trieval results with the LLM judge. The judge eval-
uates whether the documents associated with the
approved descriptors correspond to the query. The
judge is given three response options: “Yes”,“No”,
and “Partial”, indicating full, no, and partial cor-
respondence, respectively. The “Partial” option
is given to reflect the more granular nature of the
descriptors compared to the WebOrganizer labels,
although the LLM judge rarely uses this option.
This evaluation shows a higher rate of success for
retrieved documents, with 56% and 75% full or par-
tial correspondence for formats and topics, respec-
tively, retrieved with harmonized descriptors. For
formats and topics retrieved with raw descriptors,
the model judges full or partial correspondence of
67% and 83%, respectively.

Raw Harmonized

Prec. Rec. Prec. Rec.

formats 0.35 0.25 0.30 0.29
topics 0.64 0.35 0.57 0.42

Table 4: Average precision and recall for topic and
format queries

The sarcasm query retrieved 5,459 documents
with harmonized descriptors and 3,821 documents
with raw descriptors. Since we do not have labels
indicating sarcasm, we evaluate the retrieval of
“sarcastic” documents only using the LLM judge.
Out of the documents retrieved with harmonized
descriptors, the judge model classified 74% as full
or partial matches. For documents retrieved with
raw descriptors, the acceptance rate is 85%.

As Figure 5 shows, descriptor acceptance gen-
erally declines with decreasing descriptor–query
similarity. However, documents retrieved through
LLM-approved descriptors are accepted at high
rates, indicating that the approved descriptors are
reliable indicators of sarcasm. The lower and more
variable document-level acceptance rates for har-
monized descriptors reflect their broader coverage:
a single harmonized descriptor often retrieves many
documents, some of which may not be relevant to
the query.

This section has presented and evaluated a sim-
ple yet effective method to retrieve documents that
would otherwise be difficult to identify, requiring
only a user-provided query. While exhaustive recall
is not guaranteed and the retrieved documents may

Figure 5: LLM acceptance rates for descriptors and
documents retrieved by the sarcasm query, by descriptor–
query similarity decile. Bars show the share of retrieved
descriptors accepted by the LLM judge; lines show the
share of associated documents accepted by the judge.
Absolute counts are in parentheses. Document counts
may exceed the number of unique retrieved documents
because a document can be retrieved multiple times by
different descriptors.

include false positives, this method may serve as a
fast way to obtain a substantial subset of relevant
documents or as a preliminary filtering step to re-
duce the search space for more resource-intensive
classification methods.

5 Discussion and conclusions

In this paper, we have explored a novel approach
for enriching web corpora with metadata that is
both human-readable and searchable while remain-
ing sufficiently detailed to support a wide range
of tasks without the need to specify them a pri-
ori. The main motivation of this study is to enable
the categorization and retrieval of task-specific sub-
sets of large web corpora without having to apply
the resource-intensive annotate–train–classify ap-
proach separately to each new task. The effort of
assigning the descriptors needs to be spent only
once, after which they can be reused across appli-
cations. In our evaluation of the descriptor schema,
we also implicitly evaluate the capability of LLMs
for this task.

Our first finding is that LLMs can assign detailed,
human-readable, and useful descriptors to docu-
ments, even without a predefined schema. First,
we show that the descriptors accurately describe
the documents (Section 4.1), although the current
harmonization approach leads to a loss in accu-
racy. Second, we show that the descriptors cover
many different aspects (Section 4.2). While topic
is clearly the most covered aspect, style, tone, for-
mat, and quality are also represented, among others.
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Third, we show that the descriptor schema contains
much of the same information as two existing web
document annotation schemes (Section 4.3). Fi-
nally, we show that a simple and fast query pro-
cedure can retrieve a non-trivial number of docu-
ments matching topics, formats, and even sarcasm;
phenomena that would be difficult to identify in
large corpora without a fine-tuned classifier (Sec-
tion 4.4).

Our second finding is that while LLMs can gen-
erate detailed and useful descriptors, they struggle
with systematicity across large document sets. At-
tempts to devise the descriptor schema and annotate
the documents in a single pass were unsuccessful.
We were able to alleviate but not fully solve the
problem by disambiguating and merging the de-
scriptors post hoc using a combination of embed-
ding similarity and LLM judgments. Additionally,
the high granularity of descriptors, while advan-
tageous for the precise retrieval, complicates the
identification of broad categories, such as “sports”
or “news”. Future work should explore new ways
to enforce schema consistency and hierarchical de-
scriptor structures for adjustable granularity and
develop methods to efficiently use larger schemas.
Some of our evaluation strategies, especially those
in Sections 4.3 and 4.4 could be developed further
into practical use cases.

To conclude, we strive to create rich, human-
readable metadata for large corpora, produced only
once and applicable to any number of tasks to com-
plement existing annotation schemes. While the
work presented in this paper is only one step in
this direction and much work remains to be done,
we envision the descriptors being used as a first-
pass filter before more resource intensive classifica-
tion or as a standalone tool for researchers lacking
the means to train custom models. With further
method development, such metadata could democ-
ratize access to large corpora for new user groups
and increase the efficiency of current practices.

The pipeline and evaluation code are made avail-
able.3 We also release a descriptor-annotated 10-
billion-token sample of FineWeb, the full descrip-
tor schema, the schema development and test sets
as well as disambiguation and synonym merging
traces.4

3https://github.com/TurkuNLP/LLM_document_
descriptors

4https://huggingface.co/datasets/TurkuNLP/
WebDocumentDescriptors

Limitations

This research is limited to monolingual English
documents from the FineWeb dataset, which is pur-
posefully built to exclude low-quality documents.
While the schema is built and evaluated on sepa-
rate subsets of FineWeb, it is not tested on fully
out-out-distribution data and may not generalize
well to noisier datasets. Additionally, the findings
do not yet show whether the approach generalizes
to other languages or multilingual settings. Fu-
ture work should therefore evaluate the method on
multilingual corpora.

In the current implementation, descriptors serve
as document-level annotations. Although a given
descriptor may apply to only a single paragraph
or sentence within a document, the system does
not explicitly track which specific section it per-
tains to. Future methodological refinements could
incorporate section-level information into these an-
notations.

The specific language model used for descrip-
tor generation and harmonization can also be a
limitation. Since LLM capabilities continue to im-
prove rapidly, newer models may produce more
accurate, consistent, and multilingual descriptors.
The exact prompts given to the model also have a
big impact on model output. The prompts Conse-
quently, the results reported here should be under-
stood as reflecting the performance of one specific
model rather than the upper bound of the proposed
method.

Finally, although applying existing descriptors to
downstream tasks is relatively fast and inexpensive,
generating descriptors for large datasets remains
computationally costly. To address this limitation,
future work could explore smaller fine-tuned mod-
els that generate descriptors more efficiently while
preserving descriptor quality. We plan to train and
release such a model in future work.

Ethical considerations

This research relies on generative LLMs, which
are known to produce errors in their output. Re-
searchers should take care to evaluate the descrip-
tor schema themselves before applying it to their
research. While we use a high-quality dataset,
FineWeb, as the basis of the descriptor schema, the
documents might still contain biased, racist, sex-
ist, or otherwise unreasonable or harmful content,
which may be reproduced in the document descrip-
tors. Using LLMs consumes electricity, which,
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depending on the production method, can lead to
greenhouse gas emissions. For this paper, pro-
cessing 500,000 documents through the pipeline
required an estimated 1,000 GPU hours on four
AMD MI250X GPUs and all electricity came from
renewable resources.

AI assistants were used to proofread sections
of this paper. Some of the code used in the ex-
periments was written with AI assistance. All AI-
generated text and code were reviewed and verified
by the authors.
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A Comprehensive description of the
descriptor schema generation pipeline

A.1 Descriptor generation pipeline
We use the 70 billion parameter instruction fine-
tuned version of Llama 3.3 to label our data. We
find that this model generates high-quality re-
sponses while still being practical to run on large
amounts of data.

The pipeline that creates the descriptor schema is
divided into three steps. First comes the Generation
step, in which the initial descriptors are generated.
This step consists of three stages. After this comes
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the Disambiguation step. During this step, most
duplicate descriptors are merged into one or split
into separate descriptors. Finally comes the Syn-
onym merging step during which synonymous or
near-synonymous descriptors are merged.

A.2 Generation step

The generation step is divided into three stages:
initial generation, rewriting, and revision. In the
initial generation stage, the model is given one doc-
ument and is prompted to "[d]escribe the document
in aspects including, but not limited to, style, tone,
genre, topic, domain, language, quality, sentiment,
etc." The model is asked to generate descriptors
based on what it believes is essential for under-
standing, summarizing, or rewriting the document.
The instructions are kept purposefully vague to not
guide the model too much in a predetermined di-
rection and to capture a broad range of descriptors.
For each tag, the model is also prompted to gener-
ate a definition, which should "explain its meaning
and relevance to the document in 2 to 3 sentences".
The purpose of the definition is to provide addi-
tional context which is needed in later stages of the
pipeline.

Since our aim is to build a general annotation
schema, we do not want the descriptors to be overly
specific. However in practice, we noted the model
had a tendency to generate overly specific descrip-
tors. For this reason, we offer the model the op-
tion to add more detailed descriptions into a list
of "specifics". These are only used in the initial
generation step but are discarded later.

A rewriting stage follows the initial generation.
To evaluate how well the meaning of the document
is captured in the descriptors, we give the descrip-
tors and specifics generated in the previous stage
back to the model and ask it to rewrite the docu-
ment that they describe.

The rewriting stage is followed by a revision
stage. After generating descriptors, specifics and
a rewrite based on them, the model is asked to
evaluate the quality of the rewrite and revise the
descriptors accordingly. The model is prompted to
compare the original document and its rewrite and
to generate a revised set of descriptors that would
better capture the meaning of the document.

The revision stage is followed by another rewrite
stage, this time using the revised descriptors as
input. This is followed by another revision stage
and finally one more rewrite. Although this pro-

cess could be repeated arbitrarily many times, we
stop after three sets of descriptors and rewrites. To
identify the set of descriptors that best captured the
meaning of the original document, we embed the
original document and each of its rewrites using
the Stella-en-400M-v5 model Zhang et al. (2025),
which is one of the best performing models in its
size for English text clustering on the MTEB leader-
board (Muennighoff et al., 2023). The cosine simi-
larity between each rewrite and the original is used
as a measure of how much the rewrite resembles the
original. The closer a rewrite is to the original doc-
ument, the better the descriptors have summarized
the document and thus, the better their quality.

After these steps, for each document, we only
keep the descriptors that produced the best rewrite
(measured by cosine similarity) and discard the rest.
The specifics are also discarded at this stage.

A.3 Disambiguation step
In the disambiguation stage, we normalize all tags
to lowercase and group together all definitions for a
given tag. The vast majority of tags have only one
definition, but some have more, with the most com-
mon ones such as "informal tone" having thousands
of different definitions. The tags with more than
one definition are provided to the LLM, which is
prompted to either merge together synonymous or
near-synonymous entries and provide one holistic
descriptor or split the group into several descrip-
tors, each with a locally unique tag and definition.
To avoid overwhelming the model with extremely
long inputs, large groups are split into subgroups
of 20 definitions or fewer, each of which is disam-
biguated separately. As the model is not aware of
decisions made in different instances, it can gen-
erate new, locally unique descriptors that are still
duplicates globally. Therefore, this process is re-
peated several times until there are only a handful
of duplicates left.

After 20 iterations, only four tags remain with
more than one definition. The process is stopped
here, since the model keeps inventing descriptors
that already exists elsewhere in the data and the rate
of lowering the number of duplicates approaches
zero.

A.4 Synonym merging step
After disambiguation, there are still many synony-
mous and near-synonymous descriptors in the set
because in the disambiguation step only exact tag
duplicates were grouped together. For instance,
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tags such as “formal tone” and “formal language”
are still separate, despite being arguably synony-
mous in most contexts. In the synonym merging
step, each descriptor is embedded with the Stella-
en-400M-v5 model and mutually nearest neighbors
are provided to the LLM. The model is prompted to
either keep them as separate entries or accept them
as synonyms and choose one as the representative,
while the other is discarded. The discarded descrip-
tor is thus effectively merged into the other. After
each iteration, new mutually nearest neighbors are
identified and provided to the model. The process
ends when no more merges are made.

The synonym merging step merges most of the
remaining duplicate tags that survived the disam-
biguation step, but leaves just one tag with more
than one definition. To ensure that each tag has ex-
actly one definition, we do a forced merge, where
the remaining duplicates are provided to the model,
which chooses one as the representative descriptor.

B Example document and descriptors

Document

• I am now the proud owner of a beautiful Black
(the fastest colour of course) GCSRT8 here in
Western Australia. There is a growing number
of these beasts here although I have yet to see
one on the road. You seem to have a fantastic
SRT8 community thing going in this forum,
I only wish that there was a GCSRT8 group
like you here. (If there is an active SRT8
forum/group in Oz, can someone let me have
the details?) I have gathered a lot of useful
info from the forum to help me with my next
move regarding performance mods and have
decided the first will be to change my tstat to
a 180 (and maybe the fan mod - although I
am not that comfortable in cutting wires etc to
get it done) Can anyone please advise where I
can get these thermostats in Australia? What
brands are available here? Part numbers? Our
local auto chain store (Supa Cheap) hardly
even knows what they are let alone if they
stock them! Any help would be appreciated.

Document rewrite

• G’day mates! I’m a car enthusiast from West-
ern Australia, and I’m stoked to be part of
this awesome community. I’ve got a GCSRT8,
which I’ve modified with an SRT8 kit, and I’m
always on the lookout for ways to improve its

performance. Recently, I picked up a 180 ther-
mostat from Supa Cheap, and I’m thinking of
doing a fan mod to keep things cool under the
bonnet. I’ve heard it’s a bit of a tricky job,
but I’m keen to give it a go. Has anyone else
out there done this mod? I’d love to get some
advice from you blokes with some technical
expertise. I’ve been doing some research, and
I’ve got the part numbers written down, but
I’m not sure about cutting wires and whatnot.
I’ve been to the local auto chain store, and
they didn’t seem to know much about perfor-
mance modification, so I thought I’d come to
the car community for some help. By the way,
what’s the fastest colour for a GCSRT8? Just
kidding, mate! But seriously, thanks in ad-
vance for any tips or advice you can offer. I’m
really appreciative of all the knowledge and
enthusiasm on this forum, and I’m excited to
hear from you all.

Raw descriptors

• car enthusiast; The document is written by a
car enthusiast, indicating a strong interest in
vehicles and their modification. The author’s
passion for cars is evident in their language
and tone.

• technical; The document discusses techni-
cal aspects of car modification, such as ther-
mostats and fan mods. This indicates a focus
on the mechanical details of the vehicle.

• Australian; The document is set in Western
Australia, and the author is seeking informa-
tion specific to their location. This context
is important for understanding the author’s
needs and concerns.

• informal; The document has a casual and
friendly tone, indicating that the author is ap-
proachable and enthusiastic about the topic.
The use of colloquial language and expres-
sions conveys a sense of camaraderie.

• modification-focused; The document dis-
cusses plans for modifying the vehicle’s per-
formance, including changing the thermostat
and potentially installing a fan mod. This
indicates a focus on improving the vehicle’s
capabilities.

265



• seeking advice; The author is seeking guid-
ance and recommendations from the commu-
nity, demonstrating a willingness to learn and
take advice from others. This shows that the
author values the opinions and expertise of
others.

• personal; The author is a proud owner of a GC-
SRT8 and is seeking to modify and improve
their vehicle, indicating a personal investment
in the topic. The author’s ownership and en-
thusiasm are central to the document.

• regional; The author is seeking information
specific to Australia, including availability of
parts and local resources. This context is cru-
cial for understanding the author’s needs and
concerns.

• appreciative; The author expresses gratitude
for the community’s potential help and ad-
vice, demonstrating a positive and respectful
attitude. This tone is important for building
relationships and trust within the community.

• enthusiastic; The author is excited about their
vehicle and the potential modifications, con-
veying a sense of eagerness and anticipation.

• community-oriented; The author is seeking to
connect with others who share their interests
and is looking for a sense of community and
belonging.

Harmonized descriptors

• automotive enthusiast; The author is an au-
tomotive enthusiast with a strong interest in
modifying and improving vehicles, possess-
ing deep knowledge of cars and trucks, and
valuing high-quality service.

• automotive performance; The document fo-
cuses on the automotive domain, discussing
vehicle performance, modifications, and tech-
nical aspects.

• western australia context; The text is specific
to Western Australia, highlighting the regional
focus of the document.

• informal social; The tone of the document is
casual and friendly, indicating a personal or
social relationship between the writer and the
reader, and describes a situation that occurs

in a social setting, making it interesting and
engaging, and involves colleagues in a light-
hearted activity.

• performance mods; The document discusses
various modifications made to vehicles to im-
prove their performance, including upgrades
to engines, transmissions, suspensions, and
other parts, as well as customization and DIY
efforts.

• user seeking advice; This descriptor captures
the purpose of the post, which is for the user
to seek information or advice from others.

• passion and identity; The author’s passion for
cars is a central aspect of their identity and
is reflected in their language and experiences,
with a focus on modifying and customizing
their vehicle.

• relevance to australia; The document is spe-
cific to the Australian context, making it rel-
evant to an Australian audience, with refer-
ences to local policies, laws, and regulations.

• polite and appreciative tone; The tone is polite
and appreciative, with the authors expressing
gratitude for any help they might receive.

• enthusiastic mood; The tone is positive and
enthusiastic, conveying excitement and antici-
pation.

• online community seeker; The author is look-
ing for a community where they can express
themselves freely and engage in discussions
with others who share similar interests. This
descriptor emphasizes the author’s desire for
connection and dialogue.

Specifics

• GCSRT8

• SRT8

• Western Australia

• Supa Cheap

• 180 thermostat

• fan mod

• part numbers
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• performance modification

• car community

• technical expertise

• fastest colour

• cutting wires

• forum

• local auto chain store

C Query phrases

The exact phrases used to query documents. The
phrasing of the topic and format queries are derived
from the WebOrganizer paper.

• Formats

– About (Org.); The document is format-
ted as an organizational About page, typ-
ically containing a self-description or in-
troduction by an organization such as a
company, university, government agency,
or non-profit, but the content is not nec-
essarily verified and may contain self-
promotion

– About (Personal); The document is for-
matted as a personal About page, typ-
ically containing a self-description, in-
troduction, or profile information on a
personal or hobby website

– Academic Writing; The document is for-
matted as academic writing, such as a
research paper, paper abstract, thesis, or
literature review

– Audio Transcript; The document is for-
matted as an audio transcript, providing a
written record of spoken language, such
as an interview, court hearing, movie,
podcast, lecture, or speech

– Comment Section; The document is for-
matted as a comment section or discus-
sion forum with multiple posts or com-
ments, such as a Reddit thread or a com-
ment section on a news article or blog

– Content Listing; The document is for-
matted as a content listing, providing an
overview of content for navigation, such
as a sitemap, product catalog, search re-
sults page, or news listing with short arti-
cle snippets

– Creative Writing; The document is for-
matted as creative writing, such as a short
story, novel chapter, poem, or song lyrics

– Documentation; The document is format-
ted as documentation, such as technical
writing, API documentation, README
files, or source code, intended for devel-
opers or experts rather than end-users

– FAQ; The document is formatted as a
Frequently Asked Questions page

– Knowledge Article; The document is for-
matted as a knowledge article, written in
an objective and neutral style and pub-
lished on a moderated platform or by a
reputable source

– Legal Notices; The document is format-
ted as legal notices, such as terms of ser-
vice, legal disclaimers, privacy policies,
or license agreements

– Listicle; The document is formatted as
a listicle, presenting article or blog con-
tent in the form of a list, such as a “Top
10” list or “4 best places to visit in X”,
but excluding navigational lists of site
content

– News (Org.); The document is format-
ted as organizational news or announce-
ments, such as a press release or blog
post by a company, university, govern-
ment agency, or non-profit organization

– News Article; The document is format-
ted as a news article, written by journal-
ists about current events and published
by a news organization, but excluding
long reads, profiles, editorials, journalis-
tic essays, and newspaper interviews

– Nonfiction Writing; The document is for-
matted as nonfiction writing, such as a
long read, profile, editorial, essay, obit-
uary, memoir, or other professional non-
fiction text

– Personal Blog; The document is format-
ted as a personal blog, typically written
by an individual and relating personal
experiences or opinions

– Product Page; The document is format-
ted as a product page, typically contain-
ing descriptions or promotions for a prod-
uct or service, including products in a
wider sense such as university course de-
scriptions
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– Q&A Forum; The document is format-
ted as a Q&A forum, with an explicit
question-and-answer structure, such as
Quora or Stack Exchange

– Spam / Ads; The document is formatted
as spam or advertising, consisting pri-
marily of spam content, SEO keyword
stuffing, short online ads, or content with
no apparent purpose

– Structured Data; The document is format-
ted as structured data, containing multi-
ple data entries with a common struc-
ture, such as a table, datasheet, movie
database, glossary, dictionary, JSON file,
CSV file, or XML file

– Customer Support; The document is for-
matted as customer support content, pro-
duced by an organization for a general au-
dience, such as a troubleshooting guide

– Truncated; The document is formatted
as truncated or incomplete content, such
as a paywalled page, login-gated page,
incomplete page, video description, or
image gallery, but excluding pages with
multiple snippets of truncated articles

– Tutorial; The document is formatted as
a tutorial or how-to guide, such as a
cooking recipe, DIY instructions, Wik-
iHow page, or Khan Academy course,
and must contain the actual tutorial con-
tent

– User Review; The document is formatted
as a user review, such as a review posted
by users on Yelp, TripAdvisor, or similar
platforms

• Topics

– Adult; The document’s topic is adult con-
tent, including porn and other explicit
content

– Art & Design; The document’s topic is
art and design, including architecture

– Crime & Law; The document’s topic is
crime and law, including law enforce-
ment (excluding financial crime, litiga-
tion, social issues and the legislative pro-
cess)

– Education & Jobs; The document’s
topic is education and jobs, including
pedagogy, training & certification, and
academia

– Entertainment; The document’s topic is
entertainment, including music, movies,
TV shows, videos, celebrities, humor,
nightlife but excluding music or film if
discussed as art

– Fashion & Beauty; The document’s topic
is fashion and beauty, including clothing,
accessories, and cosmetics

– Finance & Business; The document’s
topic is finance and business, includ-
ing taxes, regulations, investments, insur-
ance, credit cards, personal finance, cor-
porate communication, marketing, and
human resources

– Food & Dining; The document’s topic is
food and dining, including recipes, gro-
ceries, beverages, and restaurants, but
excluding nutritional sciences

– Games; The document’s topic is games,
including video games, board games, and
gambling

– Hardware; The document’s topic is
hardware, including computer hardware,
phones, televisions, and other consumer
electronics

– Health; The document’s topic is health,
including medicine, wellness, mental
health, veterinary science, and nutri-
tional science, but excluding health in-
surance

– History; The document’s topic is history,
including geography and archaeology

– Home & Hobbies; The document’s topic
is home and hobbies, including real es-
tate, renting, relocation, furniture, appli-
ances, home improvement, DIY, garden-
ing, pets, toys, and collecting

– Industrial; The document’s topic is in-
dustrial activity, including mining, agri-
culture, manufacturing, utilities, con-
struction, raw materials, industrial goods,
chemicals, and textiles, but excluding
general business topics and business fi-
nance

– Literature; The document’s topic is lit-
erature, including literary criticism, lin-
guistics, philosophy, and related subjects
in the humanities, but excluding texts
whose literary style is incidental to their
topic
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– Politics; The document’s topic is politics,
including social issues, political cam-
paigns, the legislative process, geopol-
itics, protests, and activism

– Religion; The document’s topic is reli-
gion, including spirituality

– Science & Technology; The document’s
topic is science and technology, includ-
ing physics, chemistry, biology, environ-
mental science, mathematics, statistics,
biotech, and engineering

– Social Life; The document’s topic is so-
cial life, including family, friends, rela-
tionships, and community, but excluding
specific social activities that fall under
other topics

– Software; The document’s topic is soft-
ware, including the use of software and
the internet

– Software Development; The document’s
topic is software development, includ-
ing algorithms, coding, and web devel-
opment

– Sports & Fitness; The document’s topic
is sports and fitness, including martial
arts, motor sports, outdoor activities, and
sports equipment

– Transportation; The document’s topic is
transportation, including cars and other
vehicles, taxis, public transportation, traf-
fic, commuting, aviation, rail, shipping,
and logistics

– Travel; The document’s topic is travel, in-
cluding hospitality, hotels, sight-seeing,
and cruises, but excluding detailed de-
scriptions of tourist destinations

• Sarcasm

– sarcasm; the document contains sarcastic
humor and irony
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D Prompts

This Appendix contains all the prompts used in the pipeline.

D.1 Initial prompt
System prompt:

## Instruction:
You will be given a document. Your task is to create a comprehensive

list of descriptors - words or phrases that distill the meaning ,
tone , style , genre , topics , and other characteristics of the
document. Do not focus solely on the topics; also include phrases
that describe the tone and style.

The descriptors you generate should be useful for two purposes:
1. Rewriting the document in a way that is faithful to the original.
2. Classifying the document in a large variety of NLP classification

tasks.
## Requirements:
1. Generate Descriptors:
- Describe the document in aspects including , but not limited to,

style , tone , genre , topic , domain , language , quality , sentiment
etc. Describe anything that you believe is essential for
understanding , summarizing , or rewriting the document.

- If necessary , you can add minute details into the "specifics" list.
This list can contain individual words , phrases and other details
that do not necessarily describe the document but are important

for rewriting it.
2. Descriptor Details:
- Descriptors can be single words or multi -word phrases. They should

typically not be longer than 3 words.
- Each descriptor should describe only one aspect of the document.

Multi -aspect descriptors should be split into separate descriptors
.

- The list should be so extensive that , given only the list , a
competent person should be able to rewrite the original document.

- Do not repeat descriptors and avoid near -duplicates.
3. Order:
- Order the descriptors in order of importance: the most important

descriptors should be listed first.
- Importance is determined by how essential the descriptor is for

reconstructing , understanding , or summarizing the document.
4. Descriptor Explanations:
- For each descriptor , explain its meaning and relevance to the

document in 2 to 3 sentences.
- The items in the specifics list do not need to be explained.
5. Format:
- The output must be formatted as a JSON object. Follow this

formatting exactly.
- Never add any preamble or anything else outside the JSON object.
- Separate the descriptors and their explanations with a semicolon

’;’. Do NOT include a semicolon anywhere else in the descriptor.
- Example: {" descriptors ": ["<descriptor >; <explanation >", "<

descriptor >; <explanation >", "<descriptor >; <explanation >", ...],
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"specifics ": ["<specifics >", "<specifics >", "<specifics >" ,...]}

User prompt:

{document}

D.2 Rewrite prompt
System prompt:

## Instruction:
You will be given a list of descriptors and specifics:
- Descriptors: Describe the document in aspects including , but not

limited to, style , tone , genre , topic , domain , language , quality ,
sentiment , etc.

- Each descriptor is followed by an explanation of its meaning and
relevance to the document.

- The descriptors are ordered in order of importance: the most
important descriptors are listed first.

- Specifics: Minute details such as individual words and phrases ,
emphasis , structure , etc. to help in rewriting the document.

##Your Task:
Reconstruct the original document as accurately as possible using

both the descriptors and specifics provided. Do not describe the
document; instead , produce the document itself.

## Requirements:
1. Utilize All Descriptors:
- Incorporate all descriptors and specifics into your writing.
- Ensure that the content , tone , style , and structure align with the

descriptors.
- The descriptors are ordered in order of importance: the most

important descriptors are listed first.
2. Format:
- The output must be formatted as a JSON object. Follow this

formatting exactly.
- Never add any preamble or anything else outside the JSON object.
- Example: {{" text": "<rewritten version of the document >"}}

User prompt:

*Descriptors *:
<start >{ descriptors}<end >
*Specifics *:
<start >{ specifics}<end >

D.3 Revision prompt
System prompt:

## Instruction:
You will be given:
1. Two Documents:
- Original Document: The initial text.
- Rewritten Document: An attempt to recreate the original document

based solely on provided descriptors and specifics.
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2. A List of Descriptors and Specifics (describing the original
document):

- Descriptors: Describe the document in aspects including , but not
limited to, style , tone , genre , topic , domain , language , quality ,
sentiment , etc.

- Each descriptor is followed by an explanation of its meaning and
relevance to the document.

- The descriptors are ordered in order of importance: the most
important descriptors are listed first.

- Specifics: Minute details such as individual words and phrases ,
emphasis , structure , etc. to help in rewriting the document.

##Your Task:
1. Critique the Rewritten Document:
- Analyze the rewritten document.
- Point out ways in which the rewrite differs from the original.

Point out specific sentences or phrases that diverge meaningfully
from the original , if applicable.

- Focus on discrepancies in content , tone , style , structure , and any
missing or misrepresented elements.

2. Revise the Descriptors and Specifics:
- Adjust and revise the descriptors and specifics to help in creating

a more faithful rewrite of the original document and for
classifying it in a large variety of NLP classification tasks.

- Each descriptor should describe only one aspect of the document.
Multi -aspect descriptors should be split into separate descriptors
.

- The specifics list can contain individual words , phrases and other
details that do not necessarily describe the document but are
important for rewriting it.

- The revised lists should not contain any direct or indirect
references or comparisons to the original lists. They should stand
on their own.

- For each descriptor , explain its meaning and relevance to the
document in 2 to 3 sentences. The specifics do not need to be
explained.

## Requirements:
1. Specificity: Provide detailed observations in your critique.
2. Clarity: Ensure the revised descriptors are clear and precise.
3. Completeness: Cover all aspects where the rewritten document

deviates from the original.
4. Conciseness: Do not make the descriptors overly long. They should

typically not be longer than 3 words. Do not repeat descriptors
and avoid near -duplicates.

5. Order: Order the descriptors in order of importance: the most
important descriptors should be listed first.

6. Format:
- The output must be formatted as a JSON object. Follow this

formatting exactly.
- Never add any preamble or anything else outside the JSON object.
- Separate the descriptors and their explanations with a semicolon

’;’. Do NOT include a semicolon anywhere else in the descriptor.
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- Example: {" differences ": "<differences between original and rewrite
>",

"descriptors ": ["<descriptor >; <explanation >", "<descriptor >; <
explanation >", "<descriptor >; <explanation >", ...], "specifics ":
["<specifics >", "<specifics >", "<specifics >", ...]}

User prompt:

{
*Original Document *:
<start >{ original_document}<end >
*Rewritten Document *:
<start >{ rewritten_document}<end >
*Descriptors *:
<start >{ descriptors}<end >
*Specifics *:
<start >{ specifics}<end >
}

D.4 Disambiguation prompt

System prompt:

You will be given a descriptor and its list of explainers. The
descriptor describes a document and the explainers provide
additional context to the descriptor.

Each explainer line is prefixed with its INDEX in square brackets ,
like: [0] text ...

Your job is to merge/split explainers into semantically consistent
groups *and return the INDICES of the original explainers you
placed into each group*. Do not invent new indices , and use each
index exactly once across all groups.

\#\# Instructions
1) Read the descriptor and explainers (each line is like: [<index >] <

explainer text >).
2) Compare the explainers to each other and consider:

- Do they point to the same kind of interpretation , rationale , or
feature?

- Do they reflect a consistent understanding or application of
the descriptor?

3) Based on this comparison , create one or more semantically coherent
groups.

4) For each group , provide:
- group_descriptor (<= 3 words where possible. Coherent with the

explainers in this group.)
- group_explainer (Concise , canonical summary that covers the

meaning of all explainers in this group)
- original_explainer_indices_in_this_group: an array of the *

indices* you grouped here (e.g., [0, 5, 7]).
Notes:
- Do NOT drop any original explainer indices. Every original

explainer index must appear exactly once across groups.
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- You may keep the original descriptor for one group; newly invented
descriptors are allowed for other groups.

- Make minimal changes to the original explainers when forming
group_explainers; focus on summarizing and unifying the meanings.

- Descriptors and explainers must be self -contained -- they must not
contain references or comparisons to the original descriptors or
explainers or the other groups.

\#\# Output format
Return a single valid JSON object with this exact structure (no extra

text or commentary of any kind):
{" original_descriptor ": "<original descriptor >",

"groups ": [
{" group_descriptor ": "<group descriptor >", "group_explainer ": "<

group explainer >", "original_explainer_indices_in_this_group ":
[<index_a >, <index_b >, ...]}

]}

User prompt:

Descriptor: {descriptor}
Explainers (each prefixed by its INDEX):
{explainers}

D.5 Synonym merging prompt

System prompt:

You are deciding whether two descriptor -explainer pairs , A and B,
refer to the same concept.

The descriptors describe a document , while the explainer provides
additional context.

Treat them as synonyms (set is_synonym=true) if any of the following
is true:
- They refer to the same concept or entity despite different

wording.
- They deviate slightly in specificity but still cover the same

core meaning.
- They differ in phrasing but could be used interchangeably in

most contexts.
- They differ in word order , punctuation or spelling but mean the

same thing.
- They list similar things in different order.

Do NOT treat them as synonyms (set is_synonym=false) if any of the
following is true:
- They refer to different concepts/entities or mutually exclusive

categories.
- One is substantially broader/narrower in scope or specificity.
- The explainer introduces a difference in meaning even when

descriptors are similar.

In edge cases , prefer to NOT treat as synonyms.
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If synonyms:
- choose which to keep: "A" or "B" (prefer clearer , more general

phrasing);
- set keep to the chosen label and drop to the other.

If not synonyms:
- Still return keep and drop as A and B (order doesn ’t matter).

Return ONLY JSON with keys: is_synonym (bool), keep ("A"|"B"), drop
("A"|"B").

Do not rewrite or invent descriptors.

User prompt:

A: descriptor: {descriptorA} explainer: {explainerA}
==============
B: descriptor: {descriptorB} explainer: {explainerB}

D.6 Force merging prompt
System prompt:

You are selecting a representative pair among candidates that share
the same descriptor.

The descriptor describes a document , while the explainer provides
additional context.

Your task is to choose the most representative pair among the given
pairs.

Return the integer index of the pair to keep in the field ’keep ’
When choosing the representative pair , prefer concise , general ,

commonly used phrasing that covers the meaning of all pairs.
Return ONLY JSON with: keep (int). Do not invent or rewrite anything.

User prompt:

index: {i} | descriptor: {descriptorA} | explainer: {explainerA}
index: {j} | descriptor: {descriptorA} | explainer: {explainerB}
...

D.7 Harmonization prompt
System prompt:

You are a careful ontology assistant.
Task: Given a query pair in the form ’descriptor; explainer ’ and a

list of schema candidates , pick the single candidate that is
synonymous or near -synonymous in most contexts to the query.

If many candidates are synonymous , choose the one that is the closest
match.

If you find a suitable candidate , respond with is_synonym=true and
set chosen_index to exactly the chosen candidate ’s index.

If none are acceptable , return is_synonym=false.
Output MUST be JSON only.

User prompt:
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Query: {descriptor }; {explainer}
Candidates:
{i} {candidateA}
{j} {candidateB}
...

E Annotation results

Figure 6: Confusion matrices for descriptor accuracy annotations with raw descriptors.

Figure 7: Confusion matrices for descriptor accuracy annotations with harmonized descriptors.
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F Descriptor aspect categories

Main category Examples

Content & Subject Matter e.g. topic, domain, subtopic, intent, cultural context, temporal relevance
Structure & Format e.g. genre, document type (blog, news, etc.), media format, length

Style & Tone e.g. formality, tone, technicality (e.g. jargon), voice (active/passive), syntax
Quality & Trustworthiness e.g. factuality, authority, originality, spam, bias, depth (superficial/in-depth)
Audience & Engagement e.g. target audience, engagement level, monetization, call-to-action, shareability

Linguistic Features e.g. readability, sentiment, figurative language, multilinguality, repetition
Ethical & Legal e.g. toxicity, misinformation, legal compliance, accessibility, dark patterns

Other miscellaneous, not fitting into other categories

Table 5: Broad categories in which we categorize descriptors with examples of their contents

The descriptor categories were created through an iterative process involving discussion between the
authors and with the help of an LLM. The categories reflect the type of descriptors that we observed to
exist in the data and the kinds of descriptors that we would hope to exist and that researchers in the field
of corpus linguistics and NLP might find relevant.

G Classification results

Task Features Macro-F1 [95% CI] W-F1 |V |
FineWeb Edu Descriptors (Harmonized) 0.70 [0.69, 0.71] 0.92 278,093
FineWeb Edu Descriptors (Raw) 0.76 [0.75, 0.77] 0.93 351,003
FineWeb Edu TF-IDF 0.75 [0.74, 0.77] 0.94 50,000

Topic Descriptors (Harmonized) 0.63 [0.62, 0.64] 0.64 278,093
Topic Descriptors (Raw) 0.65 [0.64, 0.65] 0.66 351,003
Topic TF-IDF 0.73 [0.72, 0.74] 0.75 50,000

Format Descriptors (Harmonized) 0.44 [0.43, 0.45] 0.53 278,093
Format Descriptors (Raw) 0.48 [0.47, 0.49] 0.57 351,003
Format TF-IDF 0.49 [0.48, 0.50] 0.61 50,000

Table 6: Classification F1 comparing harmonized vs. raw descriptors, with TF-IDF as a text-based reference.
Confidence intervals from 1000 bootstrap resamples of the test set. Descriptor configs use minimum frequency 1
(full vocabulary); TF-IDF capped at 50,000 features. |V | = vocabulary size.

Figure 8: Macro-F1 as a function of feature-set size for harmonized descriptors, raw descriptors, and TF-IDF, across
the three tasks. Descriptor vocabulary size is swept by minimum token frequency; TF-IDF by maximum vocabulary
size. Shaded bands are 95% bootstrap confidence intervals.
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Desc. (Harm.) Desc. (Raw) TF-IDF
Class Scan% Lift Prec. Scan% Lift Prec. Scan% Lift Prec. N

edu 16.9% 4.7 37.9% 14.5% 5.5 44.0% 10.9% 7.4 58.7% 1,597
not-edu 74.4% 1.1 98.9% 74.3% 1.1 99.1% 73.8% 1.1 99.7% 18,403

Weighted mean 69.8% 1.4 94.0% 69.5% 1.4 94.7% 68.8% 1.6 96.5% 20,000

Table 7: Per-class retrieval at 80% recall, FineWeb Edu. Scan% = fraction of test set scanned to reach the target
recall (lower better); Lift = precision/base rate; Prec. = precision at that point; N = support. Min. frequency 1;
TF-IDF capped at 50,000. Sorted by harmonized Scan%.

Desc. (Harm.) Desc. (Raw) TF-IDF
Class Scan% Lift Prec. Scan% Lift Prec. Scan% Lift Prec. N

edu 2.0% 9.8 77.9% 2.0% 10.2 81.8% 1.7% 11.9 94.7% 1,597
not-edu 18.4% 1.1 99.9% 18.4% 1.1 100.0% 18.4% 1.1 100.0% 18,403

Weighted mean 17.1% 1.8 98.1% 17.1% 1.8 98.5% 17.1% 1.9 99.5% 20,000

Table 8: Per-class retrieval at 20% recall, FineWeb Edu. Columns as in Table 7.

Desc. (Harm.) Desc. (Raw) TF-IDF
Class Scan% Lift Prec. Scan% Lift Prec. Scan% Lift Prec. N

Adult 2.2% 35.7 26.1% 5.6% 14.2 10.4% 2.5% 32.3 23.6% 146
Religion 4.2% 18.9 39.2% 3.8% 21.3 44.0% 3.0% 26.3 54.4% 414
Travel 4.5% 17.8 42.3% 4.3% 18.5 43.9% 3.0% 26.7 63.2% 474
Software Dev. 4.5% 17.6 29.6% 4.9% 16.5 27.7% 2.9% 27.4 46.1% 336
History 7.4% 10.8 13.0% 4.6% 17.5 21.1% 3.4% 23.4 28.2% 241
Crime & Law 8.0% 10.0 35.9% 7.7% 10.4 37.2% 4.9% 16.4 59.1% 719
Hardware 8.3% 9.7 24.6% 8.1% 10.0 25.3% 3.9% 20.5 52.0% 508
Games 8.6% 9.3 28.2% 10.0% 8.0 24.3% 5.8% 13.9 42.4% 608
Fashion & Beauty 8.7% 9.2 34.9% 9.2% 8.7 33.0% 4.2% 18.9 71.9% 760
Science & Tech. 8.8% 9.1 36.9% 9.0% 8.9 36.1% 6.7% 12.0 48.4% 808
Food & Dining 9.2% 8.7 38.7% 10.0% 8.0 35.8% 4.5% 18.0 80.3% 894
Health 9.7% 8.3 50.7% 8.5% 9.4 57.4% 6.7% 11.9 73.0% 1,225
Software 11.0% 7.3 21.0% 9.5% 8.4 24.3% 5.8% 13.8 39.9% 579
Sports & Fitness 11.2% 7.1 56.8% 10.6% 7.5 59.9% 7.7% 10.4 83.1% 1,595
Politics 11.3% 7.1 46.2% 11.1% 7.2 47.1% 8.5% 9.4 61.3% 1,305
Entertainment 11.8% 6.8 50.6% 14.0% 5.7 42.7% 8.4% 9.5 70.9% 1,497
Education & Jobs 12.8% 6.3 37.0% 12.9% 6.2 36.7% 7.6% 10.6 62.3% 1,180
Industrial 13.3% 6.0 17.5% 11.3% 7.1 20.6% 6.1% 13.1 37.7% 578
Literature 13.7% 5.8 22.4% 14.2% 5.6 21.6% 8.3% 9.6 36.8% 766
Art & Design 14.4% 5.5 17.2% 10.5% 7.6 23.6% 5.0% 15.9 49.4% 620
Finance & Business 16.0% 5.0 37.5% 14.7% 5.5 41.0% 10.4% 7.7 57.7% 1,503
Home & Hobbies 16.7% 4.8 32.9% 17.4% 4.6 31.6% 10.0% 8.0 54.9% 1,374
Transportation 16.8% 4.8 16.0% 18.2% 4.4 14.8% 5.0% 15.8 53.2% 672
Social Life 18.7% 4.3 25.7% 17.0% 4.7 28.2% 12.7% 6.3 37.8% 1,198

Weighted mean 11.8% 7.8 36.3% 11.6% 7.9 36.8% 7.2% 12.9 58.4% 20,000

Table 9: Per-class retrieval at 80% recall, Topic. Columns as in Table 7.
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Desc. (Harm.) Desc. (Raw) TF-IDF
Class Scan% Lift Prec. Scan% Lift Prec. Scan% Lift Prec. N

Adult 0.1% 132.6 96.8% 0.2% 128.4 93.8% 0.2% 128.4 93.8% 146
History 0.3% 63.5 76.6% 0.3% 58.1 70.0% 0.3% 65.6 79.0% 241
Software Dev. 0.5% 44.0 73.9% 0.5% 40.9 68.7% 0.4% 46.0 77.3% 336
Religion 0.5% 43.1 89.2% 0.5% 39.7 82.2% 0.5% 42.7 88.3% 414
Travel 0.6% 36.8 87.2% 0.6% 33.4 79.2% 0.5% 39.3 93.1% 474
Hardware 0.6% 33.7 85.7% 0.7% 28.9 73.4% 0.6% 32.6 82.9% 508
Games 0.6% 31.4 95.3% 0.7% 29.5 89.7% 0.6% 32.4 98.4% 608
Art & Design 0.8% 25.8 80.0% 0.9% 22.9 70.9% 0.7% 28.6 88.6% 620
Crime & Law 0.8% 25.2 90.6% 0.8% 24.3 87.3% 0.8% 26.5 95.4% 719
Fashion & Beauty 0.8% 24.1 91.6% 0.8% 23.5 89.4% 0.8% 26.0 98.7% 760
Transportation 0.9% 22.8 76.7% 1.0% 20.0 67.2% 0.8% 26.1 87.7% 672
Food & Dining 0.9% 21.8 97.3% 0.9% 21.8 97.3% 0.9% 21.9 97.8% 894
Science & Tech. 0.9% 21.6 87.1% 1.1% 18.7 75.3% 0.9% 21.4 86.6% 808
Software 1.0% 20.9 60.4% 1.0% 19.8 57.4% 0.8% 24.6 71.2% 579
Industrial 1.0% 20.6 59.5% 1.0% 19.5 56.3% 0.7% 26.9 77.8% 578
Literature 1.3% 15.3 58.8% 1.3% 15.5 59.5% 0.9% 22.8 87.5% 766
Health 1.4% 14.7 90.1% 1.4% 14.7 90.1% 1.3% 15.3 93.5% 1,225
Education & Jobs 1.4% 14.5 85.8% 1.4% 14.1 83.1% 1.3% 15.5 91.5% 1,180
Politics 1.6% 12.7 82.9% 1.6% 12.1 78.8% 1.4% 14.2 92.9% 1,305
Sports & Fitness 1.6% 12.5 100.0% 1.6% 12.3 98.5% 1.6% 12.4 99.1% 1,595
Entertainment 1.6% 12.3 92.3% 1.7% 12.0 89.8% 1.6% 12.9 96.8% 1,497
Home & Hobbies 1.7% 11.8 81.4% 1.8% 11.3 77.7% 1.5% 13.6 93.5% 1,374
Finance & Business 1.7% 11.6 87.0% 1.9% 10.9 81.6% 1.6% 12.4 93.5% 1,503
Social Life 2.0% 9.8 58.8% 1.9% 10.4 62.5% 1.4% 13.9 83.0% 1,198

Weighted mean 1.3% 19.8 83.8% 1.3% 18.8 80.1% 1.1% 21.5 91.2% 20,000

Table 10: Per-class retrieval at 20% recall, Topic. Columns as in Table 7.

Desc. (Harm.) Desc. (Raw) TF-IDF
Class Scan% Lift Prec. Scan% Lift Prec. Scan% Lift Prec. N

Legal Notices 1.5% 55.4 34.4% 1.2% 69.2 42.9% 1.2% 65.0 40.3% 124
Documentation 4.6% 17.5 8.9% 3.5% 22.8 11.6% 1.4% 58.0 29.6% 102
Academic Writing 5.0% 16.2 25.9% 3.5% 22.6 36.1% 2.9% 27.6 44.1% 319
Creative Writing 5.9% 13.6 16.4% 5.3% 15.2 18.4% 7.1% 11.2 13.6% 242
User Review 9.8% 8.1 15.2% 7.9% 10.1 18.8% 7.7% 10.4 19.3% 372
Comment Section 12.3% 6.5 24.5% 12.1% 6.6 24.9% 8.1% 9.9 37.0% 751
About (Pers.) 13.0% 6.2 11.4% 10.1% 7.9 14.6% 5.3% 15.2 28.1% 369
Tutorial 14.6% 5.5 25.2% 11.0% 7.3 33.4% 8.3% 9.6 44.3% 920
Customer Support 15.7% 5.1 8.1% 12.8% 6.3 9.9% 7.2% 11.2 17.8% 318
About (Org.) 16.1% 5.0 17.5% 14.9% 5.4 18.9% 9.5% 8.4 29.7% 704
Spam / Ads 20.5% 3.9 9.3% 14.9% 5.4 12.7% 4.9% 16.4 38.8% 473
Q&A Forum 22.5% 3.6 2.7% 14.0% 5.8 4.4% 6.0% 13.4 10.2% 153
News Article 23.2% 3.5 53.3% 22.0% 3.6 56.1% 16.7% 4.8 74.3% 3,092
News (Org.) 23.7% 3.4 20.8% 20.6% 3.9 23.8% 16.5% 4.9 29.8% 1,227
Personal Blog 23.7% 3.4 50.2% 25.9% 3.1 45.9% 24.0% 3.3 49.5% 2,974
Knowledge Article 24.4% 3.3 14.4% 20.5% 3.9 17.1% 11.8% 6.8 29.6% 877
Product Page 25.1% 3.2 54.9% 26.1% 3.1 52.9% 21.4% 3.7 64.4% 3,444
Structured Data 25.3% 3.2 5.1% 24.6% 3.2 5.2% 9.5% 8.4 13.4% 320
Audio Transcript 28.1% 2.8 4.3% 23.6% 3.4 5.1% 13.4% 6.0 8.9% 300
Nonfiction Writing 31.0% 2.6 14.9% 29.5% 2.7 15.6% 19.7% 4.1 23.4% 1,152
Listicle 34.7% 2.3 5.7% 25.9% 3.1 7.6% 19.0% 4.2 10.4% 492
Truncated 47.6% 1.7 3.1% 41.7% 1.9 3.6% 13.5% 5.9 11.0% 371
FAQ 49.2% 1.6 0.7% 29.9% 2.7 1.1% 13.4% 6.1 2.5% 84
Content Listing 52.5% 1.5 6.2% 44.4% 1.8 7.4% 24.4% 3.3 13.4% 820

Weighted mean 23.9% 4.3 33.0% 22.3% 4.9 33.8% 16.3% 6.8 43.7% 20,000

Table 11: Per-class retrieval at 80% recall, Format. Columns as in Table 7.
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Desc. (Harm.) Desc. (Raw) TF-IDF
Class Scan% Lift Prec. Scan% Lift Prec. Scan% Lift Prec. N

Legal Notices 0.1% 161.3 100.0% 0.1% 155.1 96.2% 0.1% 155.1 96.2% 124
Documentation 0.3% 79.2 40.4% 0.1% 152.5 77.8% 0.2% 117.6 60.0% 102
FAQ 0.3% 68.6 28.8% 1.2% 17.5 7.4% 0.2% 88.0 37.0% 84
Audio Transcript 0.4% 51.9 77.9% 0.6% 34.5 51.7% 0.4% 53.3 80.0% 300
Creative Writing 0.4% 47.6 57.6% 0.5% 43.5 52.7% 0.3% 75.0 90.7% 242
Academic Writing 0.5% 45.1 71.9% 0.4% 50.8 81.0% 0.4% 51.4 82.0% 319
Q&A Forum 0.6% 36.5 27.9% 0.7% 27.2 20.8% 0.3% 63.3 48.4% 153
User Review 0.6% 31.8 59.1% 0.7% 28.2 52.4% 0.6% 32.5 60.5% 372
About (Pers.) 0.7% 31.1 57.4% 0.6% 33.1 61.2% 0.5% 37.8 69.8% 369
Spam / Ads 0.7% 29.3 69.3% 0.8% 24.8 58.6% 0.5% 37.9 89.6% 473
Customer Support 0.8% 24.8 39.5% 0.8% 25.0 39.8% 0.5% 38.3 61.0% 318
Structured Data 0.8% 24.4 39.0% 0.8% 23.4 37.4% 0.4% 48.2 77.1% 320
Comment Section 1.0% 19.8 74.4% 1.0% 19.9 74.8% 0.8% 23.7 88.8% 751
Tutorial 1.1% 18.0 82.9% 1.1% 17.8 81.8% 1.1% 18.3 84.4% 920
About (Org.) 1.4% 14.8 52.0% 1.4% 14.3 50.4% 1.0% 19.4 68.5% 704
Knowledge Article 1.6% 12.4 54.3% 1.7% 11.9 52.4% 1.2% 16.4 72.1% 877
News (Org.) 1.8% 10.9 66.8% 2.0% 9.8 60.0% 1.7% 11.9 73.0% 1,227
Listicle 2.0% 10.0 24.5% 2.1% 9.6 23.7% 1.2% 16.2 39.8% 492
Content Listing 2.7% 7.5 30.8% 3.4% 5.8 23.8% 1.8% 11.1 45.4% 820
Truncated 3.0% 6.8 12.7% 2.5% 8.0 14.8% 0.5% 37.4 69.4% 371
Nonfiction Writing 3.1% 6.6 37.8% 2.9% 6.9 39.6% 2.1% 9.7 55.8% 1,152
News Article 3.6% 5.6 86.6% 3.8% 5.3 82.5% 3.2% 6.2 95.5% 3,092
Personal Blog 3.6% 5.5 82.3% 3.7% 5.4 80.5% 3.4% 5.9 88.1% 2,974
Product Page 3.8% 5.2 89.8% 4.0% 5.1 87.0% 3.8% 5.3 91.9% 3,444

Weighted mean 2.6% 13.6 69.5% 2.7% 13.1 66.8% 2.2% 17.3 80.1% 20,000

Table 12: Per-class retrieval at 20% recall, Format. Columns as in Table 7.

H Full query results

Harmonized Raw Harmonized Raw
Format Prec. Rec. Prec. Rec. Topic Prec. Rec. Prec. Rec.

Tutorial 0.42 0.47 0.51 0.45 Finance & Business 0.58 0.45 0.67 0.36
Creative Writing 0.08 0.35 0.11 0.19 Home & Hobbies 0.69 0.23 0.72 0.20
News (Org.) 0.37 0.29 0.46 0.17 Transportation 0.60 0.38 0.65 0.19
About (Org.) 0.23 0.02 0.33 0.04 Politics 0.65 0.52 0.74 0.42
Structured Data 0.36 0.04 0.34 0.07 History 0.19 0.50 0.28 0.38
User Review 0.26 0.13 0.39 0.09 Literature 0.59 0.20 0.73 0.13
Personal Blog 0.46 0.68 0.57 0.61 Games 0.68 0.40 0.80 0.38
Content Listing 0.40 0.04 0.47 0.05 Art & Design 0.40 0.18 0.45 0.15
Knowledge Article 0.10 0.52 0.12 0.39 Science & Tech. 0.43 0.47 0.54 0.37
News Article 0.52 0.24 0.70 0.22 Crime & Law 0.64 0.45 0.76 0.41
Truncated 0.52 0.02 0.56 0.02 Health 0.52 0.68 0.60 0.62
FAQ 0.31 0.23 0.28 0.31 Entertainment 0.67 0.32 0.71 0.28
About (Pers.) 0.07 0.34 0.11 0.40 Education & Jobs 0.64 0.34 0.72 0.26
Product Page 0.60 0.27 0.64 0.28 Industrial 0.44 0.39 0.49 0.31
Spam / Ads 0.13 0.04 0.17 0.07 Fashion & Beauty 0.78 0.44 0.85 0.28
Nonfiction Writing 0.12 0.21 0.09 0.11 Software Dev. 0.53 0.37 0.63 0.30
Academic Writing 0.13 0.58 0.37 0.47 Travel 0.54 0.60 0.68 0.38
Q&A Forum 0.22 0.18 0.28 0.15 Adult 0.60 0.57 0.67 0.66
Comment Section 0.51 0.20 0.67 0.19 Social Life 0.39 0.23 0.39 0.21
Audio Transcript 0.41 0.32 0.47 0.25 Food & Dining 0.80 0.61 0.82 0.52
Documentation 0.07 0.77 0.09 0.67 Software 0.34 0.24 0.38 0.19
Legal Notices 0.30 0.53 0.33 0.46 Religion 0.48 0.71 0.52 0.62
Customer Support 0.07 0.32 0.14 0.24 Sports & Fitness 0.78 0.37 0.84 0.32
Listicle 0.54 0.06 0.57 0.05 Hardware 0.63 0.33 0.70 0.34
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Class Desc. (Harm.) Desc. (Raw) TF-IDF

edu general context (35), development
narratives (18), scientific-research
(308), informing the reader (37),
use of etymology (19), word his-
tory (26), holiday history (8), anti-
bullying strategy (9), discovery
and artifact context (7), teacher re-
flection (11)

scientific topic (53), educational
resource (94), educational topic
(45), historical account (212), sci-
entific language (279), environ-
mental topic (59), educational con-
tent (695), historical event (84),
historical narrative (119), scientific
study (143)

or (46,836), of the (53,488),
species (1,197), century (2,786),
of (75,396), scientists (1,195), re-
searchers (1,416), nasa (345), used
(14,612), children (6,776)

not-edu product description (1,028), inter-
national travel guide (237), cus-
tomer centricity (504), sports ar-
ticle (489), local news update
(239), opinionated writing (196),
local news (612), professional lan-
guage use (762), tone - promo-
tional (2,231), personal story (241)

home improvement (284), sports
news (1,681), product description
(2,078), varied topics (177), travel
guide (473), financial (232),
professional language (1,292),
business news (493), respectful
dialogue (92), customer-centric
(1,279)

my (21,750), me (16,737),
2018 (2,622), 2014 (3,109), our
(29,795), we (38,363), business
(10,558), 2019 (2,062), am
(10,094), 2016 (3,171)

Table 13: Top-10 features per class for FineWeb Edu, ranked by logistic regression coefficient, comparing har-
monized descriptors, raw descriptors, and TF-IDF. Parenthesised numbers are training-set document frequencies.
Descriptor tags shown; definitions omitted. Descriptors at min. frequency 1; TF-IDF capped at 50,000.
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