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Abstract

Corpus filtering strategies have evolved
steadily, leading to increasingly effective data
selection techniques that improve downstream
LLM performance. However, while most filters
focus on knowledge-rich and educational con-
tent, their effect on the linguistic and thematic
composition of the documents in pre-training
corpora remains underexplored. In this paper,
we investigate how educational filtering affects
both linguistic and thematic content by combin-
ing Propella-1 educational value annotations
and the FinePDFs-Edu filter with the Multi-
CORE register (genre) framework. Focusing on
the Finnish subset of the HPLT 4.0 corpus, we
examine how educational filtering changes the
distribution of registers and how educational
value relates to register categories. By study-
ing machine translated documents with high
educational value we show that educational fil-
ters focus on content over textual quality. We
further analyze changes in the thematic compo-
sition using Propella-1 business sector labels,
examining whether educational filtering shifts
the representation of different content domains.
Finally, to assess the impact of filtering, we
trained three small language models and evalu-
ated their downstream performance on bench-
mark tasks. We find that educational filters
disagree in their assessment of document ed-
ucational value, show similar preferences for
linguistic registers, but differ in the thematic
content they select, resulting in different down-
stream performance across task types.

1 Introduction

Web-corpora are the main source of pre-training
data for large language models (LLMs) such as
Apertus (Hernandez-Cano et al., 2026), Olmo3
(Olmo et al., 2026) or DCLM-7B (Li et al., 2025).
As the amount of web data continues to grow, data
curation objectives have shifted from solely max-
imizing data volume towards improving average

data quality. Higher-quality pre-training data en-
ables LLMs to achieve the same or better down-
stream performance using fewer training tokens.
This in turn decreases LLM training cost and time
(Li et al., 2025).

A popular strategy for improving the quality of
pre-training corpora is the use of educational fil-
ters offering either binary or ordinal classification.
These filters estimate the educational value of doc-
uments, defined as their usefulness for learning and
knowledge transfer. Documents containing clear
explanations, structured information, instructional
or factual content are graded with higher educa-
tional value than e.g. entertainment-oriented text.

Studies on educational filters demonstrate that
higher-quality data can substantially improve train-
ing efficiency. Models trained on FineWeb-Edu
(Lozhkov et al., 2024) and Ultra-FineWeb (Wang
etal., 2025) matched or exceeded the English down-
stream benchmark performance of a model trained
on the original FineWeb dataset (Penedo et al.,
2024) while using less training data. However,
these gains come at the cost of aggressive filtering:
FineWeb-Edu removes 92% and Ultra-FineWeb
93% of the data originally available in FineWeb.

Such substantial reductions may change the dis-
tribution of pre-training corpora by reducing topic
coverage and removing cultural references or other
information that is not directly captured by standard
benchmarks. Moreover, relying on downstream per-
formance is challenging, as such benchmarks cap-
ture only a subset of language model capabilities
and do not directly assess how changes in training
data composition affect the model’s coverage of
different knowledge domains, language varieties,
or text types. Furthermore, it remains unclear how
content-based filters such as FineWeb-Edu respond
to stylistic and linguistic features of texts. This is
particularly important given the many dimensions
of linguistic variation that may be overlooked when
filtering primarily for educational value, including
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dialects, informal language, and situational varia-
tion.

Our linguistic analysis focuses on situational
variation using the Multilingual CORE (Multi-
CORE) register (genre) framework (Henriksson
et al., 2024) targeting the entire multilingual web.
The framework categorizes web documents accord-
ing to registers (Biber and Conrad, 2019), situation-
ally defined text varieties such as news articles, dis-
cussion forums and how-to pages. Registers cover
systematic differences in the situational context of
the text, including communicative purpose, writ-
ing style, and linguistic characteristics, and have
been shown to be one of the strongest predictors of
linguistic variation (Biber, 2012).

We analyze how educational filtering changes
the distribution of registers and thematic content in
the Finnish subset of HPLT 4.0. In our study, we
employ the FinePDFs-Edu classifier-based quality
filter (CQF) (Lozhkov et al., 2024) and Propella-1-
4b annotations (Idahl et al., 2026) for educational
value and business sector labels.

FinePDFs-Edu is a well established CQF, trained
on 1.3M annotations generated by Qwen3-235B-
A22B-Instruct-2507 (Team, 2025) for FinePDFs
(Kydlicek et al., 2025) dataset samples. FinePDFs-
Edu assigns continuous scores, where higher scores
indicate a better educational value of the document.

Propella-1 is a family of multilingual models
that annotate documents across six semantic di-
mensions. In this work, we focus on two of the
dimensions: educational value and business sector.
The educational value annotation enables a direct
comparison with the FinePDFs-Edu filter, while
business sector labels are used to analyze how edu-
cational filtering affects the thematic composition
of the corpus. Business sector categories include,
for example, academic research, human resources,
media and entertainment, and the gaming industry.

To investigate how educational filters and as-
sociated changes of register and thematic content
distribution affect model behavior, we trained three
small language models. We use model trained on
unfiltered Finnish subset of HPLT 4.0 as a refer-
ence model, and compare it with models trained on
data filtered by FinePDFs-Edu and Propella-1.

2 Related work

Data filtering strategies have been discussed in the
past in multiple contexts beyond purely improving
the quality of pre-training corpora. Albalak et al.

(2024) show two main approaches to data filtering:
distribution matching and distribution diversifica-
tion, with classifier based quality filtering (CQF)
typically belonging to the former category. Albalak
et al. (2024) shows that CQF can introduce bias in
processed datasets: against certain groups, demo-
graphics, dialects, or data types. Additionally, one-
dimensional quality classifiers such as educational
filters can unintentionally favor stylistic features
over semantic content. For example, Klimaszewski
and Andruszkiewicz (2026) demonstrate how sim-
ply rewriting a document in Wikipedia-like style
can bypass the FineWeb-Edu filter (Lozhkov et al.,
2024), allowing non-educational or otherwise unde-
sirable content to pollute the dataset. This study in-
dicates that more focus on understanding what doc-
ument features are prioritized by CQFs are needed.
While classifier-based filtering might uninten-
tionally distort the distribution of data, several
approaches to intentionally alter the composition
of pre-training corpora exist. Source-domain or
knowledge-domain re-weighting is commonly used
to improve LLM downstream-task performance.
Gao et al. (2020) uses heuristically determined
data sampling weights to compile multiple source-
domains (e.g. GitHub' or PubMed?) into the PILE
dataset. Xie et al. (2023) demonstrates the Do-
main Reweighting with Minimax Optimization
(DoReMi) approach. DoReMi automatically op-
timizes sampling proportions of source domains
with small proxy models, producing a data mixture
that improves LLM downstream performance.
Longpre et al. (2024) notes that domain hetero-
geneity, the diversity of syntactic, topic and rea-
soning structures, is beneficial for downstream per-
formance, hence source-domain diversity should
be prioritized. Additionally, Longpre et al. (2024)
shows that the effectiveness of one-dimensional
(single quality) filtering depends on the characteris-
tics of the underlying pre-training corpus, indicat-
ing that no universally optimal strategy exists.
While data filtering has been extensively studied
in the terms of downstream performance, compara-
tively little attention has been paid to how filtering
alters the linguistic variations of pre-training cor-
pora. In a recent study, Wettig et al. (2025) present
the WebOrganizer tool to study domain and for-
mat topics, indicating that topic re-weighting can
improve downstream evaluation tasks as well.

"https://github.com/
2https://pubmed.ncbi.nlm.nih.gov/
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Recent work on the Olmo3 model (Olmo et al.,
2026) utilized WebOrganizer, and featured studies
on the distribution of topics in pre-training cor-
pora. However, the topic ratios used for construct-
ing the pre-training mixture were optimized purely
for downstream performance.

Similarly Myntti et al. (2025) studied how regis-
ters and different register compositions influence
downstream performance for English language.
They extracted datasets consisting of single regis-
ters, and used them to train series of small language
models, which were subsequently evaluated against
benchmarks. Their studies indicate that individual
registers as well as combination of registers can
lead to changes in model downstream performance.
However, the study did not compare the register-
based filtering with other CQFs such as FineWeb
or FinePDFs-Edu.

In this paper we address the challenges by in-
vestigating how educational filters reshape the dis-
tribution of web registers and thematic content in
pre-training corpus. We compare CQF FinePDFs-
Edu with LLM-based Propella-1 annotations, and
with the MultiCORE framework.

3 Methods
3.1 Data

Our study focused on the Finnish subset of the
"clean" partition of the HPLT 4.0 dataset 3. The
"clean" partition contains documents that have been
filtered to remove low-quality and noisy content
such as documents consisting mostly of HTML
navigation elements, or boilerplate text. HPLT 4.0
is an updated version of HPLT 3.0 described by
Oepen et al. (2026), and contains documents in
195 languages, sourced from Internet Archive, the
Common Crawl and ArchiveBot. The Finnish sub-
set used in our study consists of 51 million doc-
uments. Data was annotated by dataset creators
with the MultiCORE register classifier (Henriks-
son et al., 2024), Propella-1-4b (Idahl et al., 2026),
FinePDFs-Edu (Kydlicek et al., 2025) and several
other classifiers.

3.2 Data labeling

We used the web register probabilities included in
HPLT 4.0 to classify documents with registers. The
MultiCORE classifier follows the register scheme
developed by Laippala et al. (2023) based on the
original work by Biber and Egbert (2018). The

3https://hplt-project.org/datasets/v4.0

scheme is hierarchical with 9 main registers and
47 sub-register categories. Following the approach
of Myntti et al. (2025), we use a threshold of 0.4
to assign register labels. A document may receive
one or several register labels depending on its lin-
guistic characteristics. Such multi-label documents
are called "hybrid" registers. The main register la-
bels and their descriptions are explained in table 1.
The sub-registers are more detailed categories; for
example, the NA register includes News articles
and Personal blogs, the IN register includes Ency-
clopedia and Research articles, and the OP register
includes Reviews and Advice.

Register label ~ Register description

HI How-to-instructions

ID Interactive discussion

IN Informational description
1P Informational persuasion
LY Lyrical

MT Machine translation

NA Narrative

OP Opinion

SP Spoken

Table 1: Main register labels used in our study

In addition to registers, we study LLM-based
Propella-1 annotations educational_value and
business_sector, as well as FinePDFs-Edu
scores.

The educational_value feature estimates the
instructional value of a document, ranging from
content with no educational value to structured ma-
terial that explicitly supports learning through clear
explanations, examples, and progressive knowl-
edge building. Propella-1 educational_value as-
signs five categories to documents: None, Minimal,
Basic, Moderate, High.

The Propella-1 business_sector is a multi-
label feature with 37 possible classes such as "aca-
demic research" and "technology software". In the
HPLT 4.0 cleaned Finnish subset, the average num-
ber of labels per document is 1.9. To simplify our
analysis we logged each class in a document as
a separate entry, resulting in 98 million business
sector entries.

FinePDFs-Edu is a CQF and it assigns a con-
tinuous numerical score ranging from O to 5, re-
flecting its suitability as educational content for
primary to grade school levels. Documents con-
taining detailed explanation, coherent reasoning,
and clear writing receive higher scores, while docu-
ments characterized by non-academic writing, poor
coherence or superficial treatment of the topic re-
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ceive lower scores.

Propella-1 educational_value and FinePDFs-
Edu scores were used as present in HPLT 4.0 and
were not post processed by us.

3.3 Training and evaluation of small language
models

We trained three small language models with the
Llama architecture (Touvron et al., 2023), each
with 0.6 billion trainable parameters and a train-
ing budget of 100 billion tokens. Training was
conducted using the NVIDIA Megatron-LM frame-
work (Shoeybi et al., 2019). The models had 22
hidden layers, a hidden size of 1024, and 16 atten-
tion heads. We used a sequence length of 4096, a
global batch size of 1024, and the Adam optimizer.
Hyperparameters were selected based on our initial
experiments. All computing was carried out on the
CSC-LUMI supercomputer. Additional details are
given in Appendix A table 5

To measure the effect of filtering, we trained a
model on the unfiltered Finnish subset of HPLT
4.0, which we use as the baseline for downstream
performance comparisons. We used Propella-1 to
construct a training corpus consisting only of the
high, moderate, and basic educational classes, re-
sulting in a collection of 33 billion tokens (BT). We
then selected the 33 BT with the highest FinePDFs-
Edu scores to construct a corpus of the same size.
The two filtered datasets were subsequently used
to train separate small language models. All mod-
els were trained on 100 BT budget with the same
number of steps. However because filtered datasets
were smaller than original Finnish subset of HPLT
4.0, the baseline model underwent 1 epoch, and
filtered models 3 epochs of training.

To evaluate the three trained models, we used
the LM-evaluation-harness (Gao et al., 2024)
framework. We selected the following tasks:

* ARC:Challenge (Clark et al., 2018):
multiple-choice exam questions requir-
ing multi-hop reasoning.  We used the

LumiOpen/arc_challenge_mt implementa-
4

tion “.
* Belebele (Bandarkar et al., 2024): Multiple-
choice reading comprehension task with 900
machine translated and human annotated ques-
tions. >
*https://huggingface.co/datasets/LumiOpen/arc_

challenge_mt
Shttps://huggingface.co/datasets/facebook/

* MultiBLiMP (Jumelet et al., 2025): Linguis-
tic minimal pairs test, evaluating subject-verb
agreement for number, person, and gender. ©

* HellaSwag  (Zellers et al, 2019):
Common sense reasoning task for
sentence completion. We used the
LumiOpen/opengpt-x_hellaswagx im-
plementation 7 (Thellmann et al., 2024)

This selection allowed us to observe different
dimensions of model performance. All tasks were
run with a zero-shot approach.

4 Results and discussion

We extracted the metadata from the Finnish sub-
set of HPLT 4.0, and divided it into five sepa-
rate groups respective to the Propella-1 educa-
tional_value classes. We compared the register and
business_sector distributions between the groups
as well as with the distribution of the entire Finnish
HPLT 4.0. Table 2 shows the proportion of doc-
uments belonging to each Propella-1 class in the
dataset.

The recommended use of the FinePDFs-Edu fil-
ter is to utilize only the top 10% of the highest
scored documents. However, to enable a direct
comparison between FinePDFs-Edu and Propella-
1, we calculated the FinePDFs-Edu score threshold
values which retain the same amount of documents
as Propella-1 educational_value classes, and
repeated the metadata extraction. The thresholds
and corresponding Propella-1 classes are: <0.3771
(none), 0.3771-0.8929 (minimal), 0.8929-1.1998
(basic), 1.1998-2.6491 (moderate), >2.6491 (high).
Matching the amount of retained data is important
from LLM pre-training perspective, where models
trained with a fixed token budget can otherwise be
exposed to different numbers of epochs depending
on the size of the filtered dataset. Controlling the
amount of training data therefore allows for direct
comparison.

4.1 Comparison of Propella-1 educational
values and FinePDFs-Edu

The relationship between FinePDFs-Edu and
Propella-1 educational_value can be seen in Fig-
ure 1. The visible mismatch between both filters
belebele

6https://huggingface.co/datasets/jumelet/
multiblimp

7https://huggingface.co/datasets/LumiOpen/
opengpt-x_hellaswagx
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Educational value  Percent of dataset

None 38.19%
Minimal 34.13%
Basic 17.54%
Moderate 9.27%
High 0.87%

Table 2: Proportions of Propella-1 educational values in
the dataset

Propella educational_value
® none ® minimal = basic =

moderate = high

<0.3771

0.3771-0.8929 0.8929-1.1998 1.1998-2.6491
FinePDFs-Edu score

>2.6491

Figure 1: Distribution of propella-1 educational value
within FinePDFs-Edu score buckets of matching size

can be seen. At the same time, a trend is ob-
served: with increasing FinePDFs-Edu score, the
amount of documents labeled with Propella-1 none
and minimal educational classes decreases, while
the amount of moderate and high documents in-
creases. It is worth to note that both classifiers
mismatch on all educational classes: Propella-1
educational labels none and high can be found
throughout all the FinePDFs-Edu score ranges. We
further calculated the Spearman rank correlation
between both filters by assigning scores (0-4) to
Propella-1 educational categories (with O = none
and 4 for high). The filters correlate with a score
of 0.49, which indicates moderate correlation. All
these values support finding of weark-to-moderate
correlation between filter scores. In addition we cal-
culated Kendalls 75 = 0.37 and quadratic Cohen’s
rx = 0.46 by assigning FinePDFs-Edu to 5 cate-
gories as shown in table 3b. Our finding indicates
that use of only a single filter might be insufficient
to identify the educational content in the corpus.
Moreover, the disagreement between filters sug-
gests that both CQF and LLLM-based educational
filters may misclassify the educational value of doc-
uments, either by overlooking educational content
or by retaining documents with limited educational
value.

4.2 Changes in register distributions

To quantify the effect of educational filtering, we
calculated the x? distance between the distributions
of registers in full corpus and each educational

category. Let p; denote the overall proportion of
observations relating to register j:

pi = >c Njc
! E 7 Zc ’I’L] c
where 7. is the number of observations be-
loning to register j and educational category c. The
proportion of observations belonging to register j
within educational category c is defined as:

)]

n
Pile =
2
And finally, the x? distance for educational cate-
gory c is then calculated as:

D) =Y (pae—p). , 3)

j Pj

2

jc
njc

The distance is not normalized to a fixed range.
A value zero indicates that the sector distribution
within the category is identical to the overall distri-
bution, while larger values indicate greater diver-
gence. As shown in Table 3, the two filters pro-
duce broadly similar patterns: register distributions
remain close to the full corpus for the lower edu-
cational categories, while divergence increases for
the highest categories. This can be associated with
lower educational classes having more documents,
and only the highest classes/scores being very se-
lective. For Propella-1, both moderate and high
show strong divergence, whereas for FinePDFs-
Edu, it is observed only in the highest score bucket.
Interestingly, for both filters, the second category
exhibits lower divergence than the first, despite the
lowest category containing the most documents.

We evaluated this finding further by inspecting
register distributions within the buckets as seen
in Figure 2. For simplicity, we show only the 9
main register categories, and due to a large number
of hybrid register classes, all hybrids are grouped
together. A numerical breakdown of the registers
is given in Appendix B tables 6 and 7.

Both filters produce similar register distributions.
Figure 2 shows that, for both filters, the propor-
tion of Informational Description (IN) and How-to
(HI) documents increases with educational value,
while Narrative (NA) and Informational Persua-
sion (IP) documents show the opposite trend. Both
effects are stronger for the Propella-1 filter. In ad-
dition, the Interactive Discussion (ID) register is
less present in the two highest educational cate-
gories. Lyrical (LY) constitutes a marginal part
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(a) Educational value x? distance

None 0.1097
Minimal 0.0467
Basic 0.1226
Moderate 1.0636
High 2.5612

(b) FinePDFs-Edu score  x? distance

<0.3771 0.117457
0.3771-0.8929 0.044733
0.8929-1.1998 0.078526
1.1998-2.6491 0.225581

>2.6491 1.125385

Table 3: x? distances of main registers distribution for
a) Propella-1 educational value categories, b) FinePDFs-
Edu score buckets

Main register
ID = MT = LY = SP = OP

a.

=IP = NA = IN = HI Hybrid

basic moderate

minimal
Propella educational_value

none

<0.3771

0.3771-0.8929 0.8929-1.1998 1.1998-2.6491
FinePDFs educational score

>2.6491

Figure 2: Register distributions for a) Propella-1 educa-
tional categories and, b) FinePDFs-Edu score categories
of matching size

of the set (<1%), however, LY is mostly present
in the lowest educational categories. The changes
of distributions of Opinion (OP), Spoken (SP) and
Machine Translation (MT) registers are smaller,
and their proportion in the educational categories
stays relatively constant.

These findings do not completely agree with the
results described by Myntti et al. (2025). While
numerous studies, such as (Lozhkov et al., 2024),
show that educational filters improve the down-
stream performance of LLMs, Myntti et al. (2025)
used register-based filtering. Their results show
that datasets consisting only of HI, IN, or OP doc-
uments achieve higher downstream performance
than datasets consisting of IP or MT documents.
However, the presence of MT in the high educa-
tional classes and OP in the low educational classes
stands in contrast to these findings. Moreover,
our finding of an inverse relationship between ed-

ucational class and the NA register, together with
the prevalence of OP in lower educational classes,
stands in contrast to Myntti et al. (2025)’s finding
that a combination of HI, IN, OP, and NA registers
improves the performance of the baseline model.
This could indicate that the main source of im-
proved downstream performance is related to the
HI and IN registers.

The failure for educational filters to remove MT
documents from high educational categories can
be explained by filters often prioritizing structured
material, explanations, and examples (i.e. the con-
tent of the document) rather than style or language
quality. The MT register is assigned to a document
based on its linguistic characteristics (i.e., transla-
tion artifacts). This suggests that educational fil-
ters may be prone to overlooking linguistic correct-
ness. To further support this claim, we investigated
the distribution of MT hybrid registers. Figure 3
presents the distribution of MT hybrid registers for
a) Propella-1 and b) FinePDFs-Edu filters. The
label *multi’ refers to hybrid registers combining
machine translation with two or more other regis-
ters (e.g. MT-HI-IN). The numeric breakdown of
prevalence of machine-translated documents can
be found in Appendix B, Tables 8 and 9.

Register

= IN-MT = IP-MT = MT-OP = ID-MT = multi ® MT-NA = HI-MT = LY-MT = MT-SP

38.

2

%

1

minimal basic moderate

none

b.
——

high

%

0
<0.3771  0.3771-0.8929 0.8929-1.1998 1.1998-2.6491 >2.6491

Educational category

Figure 3: Hybrid MT document distribution within a)
Propella-1 educational categories and, b) FinePDFs-Edu
score categories of matching size

The distribution of MT hybrid registers reveals
the same trend as observed within main registers
for IN and HI: the amount of MT-IN and MT-HI
register documents increases with increasing edu-
cational_value.

To further strengthen our finding, we inspected
a small random sample of texts with MT-IN or
MT-HI register labels, Propella-1 educational value
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(a) MT-HI register

Original text: Kayti kahta kaarevaa viivaa, jotka
on yhdistetty typeriin pisteeseen, jotta dorsal fin
on kalan takaosassa.

Translation: "Use two curving lines that are
connected to stupid point so the dorsal fin is at the
back end of the fish"

(b) MT-IN register

Original text: Nédiden naisten, monien aatelisper-
heen, varallisuus auttoi hinti perustamaan
loytoeliiimen ja muita sairaaloita.

Translation: "The wealth of these women, many
noble family’s, helped him found a rescue animal
and other hospitals."

Figure 4: Examples of documents labeled as (a) MT-
HI register with educational_value: high, FinePDFs-
Edu score: 2.7322; and (b) MT-IN register with
educational_value: moderate, FinePDFs-Edu score
3.0498.

of high or moderate and a FinePDFs-Edu score
of >2.6491. Many of the examined texts exhib-
ited clear characteristics of machine translation er-
rors. In some of the examples, translation artifacts
made the text difficult to interpret by native speak-
ers. Common features included grammatical errors,
contextually mismatched words, and left-over non-
Finnish words. In some texts individual sentences
are fairly coherent, but do not form one cohesive
text. The examples of MT register documents are
shown in Figure 4.

The example in Figure 4a contains detailed in-
structions for drawing fish meant for children. This
example sentence contains several features that
highlight the way educational filters focus on con-
tent, not linguistic features. The most notable is
the use of the English "dorsal fin" rather than the
Finnish "selkdevd". The noun phrase "typeriin pis-
teeseen" contains two additional errors. The adjec-
tive "typerd" ("stupid") is clearly a mistranslation.
There is also a grammatical error, where the adjec-
tive is in its plural form rather than in the singular
to match the singular of the noun "pisteeseen" ("to
a point").

The MT-IN example shown in Figure 4b is de-
scribing the life of a historical saint. The sen-
tence contains a number-agreement error ("monien
aatelisperheen" instead of "monien aatelisperhei-
den") and a likely lexical translation error, where

"loytoeldimen" ("rescue animal") is semantically
incompatible with "perustaa" ("to establish").

The above findings suggest that educational fil-
ters can be bypassed by MT documents even if
only the highest educational categories are used.
This in turn can affect linguistic correctness of text
generated by LLMs.

4.3 Changes in business sector distributions

Similarly to the analysis of registers pre-
sented above, we calculated y? distances for
business_sector with equations 1, 2, 3 where
Jj now denotes business_sector category. The scores
for Propella-1 and FinePDFs-Edu are presented in
Table 4. We observe a similar trend to that found
in the register analysis: the Propella-1 high edu-
cational category deviates the most from the distri-
bution of the general Finnish subset. Furthermore,
as with the register distributions, the Propella-1 fil-
ter results in a stronger deviation from the general
distribution than FinePDFs-Edu.

(a) Educational value x? distance

None 0.1931
Minimal 0.0426
Basic 0.0965
Moderate 0.3785
High 1.9368

(b) FinePDFs-Edu score X2 distance

<0.3771 0.2545
0.3771-0.8929 0.0447
0.8929-1.1998 0.1771
1.1998-2.6491 0.3544

>2.6491 1.3690

Table 4: x? distances of business sector distributions
for (a) Propella-1 educational value categories and (b)
FinePDFs-Edu score buckets.

Unlike educational_value, and similar to reg-
ister labels, each document can have a single or
multiple business_sector categories. Figure 5a
shows the business_sector distribution for the
Finnish HPLT 4 dataset. We treat each label as sep-
arate entry i.e., we split each multilabel-document
pair to label-document pairs. The most populated
categories within the Finnish subset of HPLT 4.0
are: general interest, media and entertainment, and
government public. The distribution changes signif-
icantly for both filters. Figure Sa shows the distribu-
tion for the Propella-1 educational category high
and Sc the distribution for the respective FinePDFs-
Edu score range (the same proportion of the text as
educational category high). Both Propella-1 and
FinePDFs-Edu increase the proportion of academic
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Figure 5: Distributions of business sectors in a) Finnish subset of HPLT 4.0, b) Subset with educational_value: high;
c¢) Subset with FinePDFs score >2.6491. The bar colors on plots b) and ¢) indicate if the proportion of given sector

is higher or lower than for the general distribution.

research documents (8.0x, 6.4x respectively), edu-
cational sector (4.8x, 2.9x respectively), as well as
8 others. However, the proportion of "general in-
terest” documents is higher for FinePDFs-Edu than
for unfiltered Finnish subset of HPLT 4.0, while
for Propella-1 it is lower. In addition, Propella-1
has an increased proportion of 12 business sectors
which are less present in the FinePDFs-Edu filtered
data.

The distribution of business sectors within edu-
cational categories in shown in Appendix C tables
10 and 11. Appendix D Figure 7 shows a version
of Figure 5 with the top 10 % of texts sorted by
FinePDFs educational score.

These findings contrast with the register analy-
sis, where both filters showed largely consistent
shifts towards the same types of registers in highly
educational documents. This suggests that, while
the two filters identify similar document charac-
teristics associated with educational value such as
step-by-step instructions and explanations of con-
cepts, they differ more substantially in how they
assess the thematic content of documents. Such dif-
ferences in thematic composition may in turn affect

the knowledge represented in the resulting models
and consequently, model performance across dif-
ferent types of evaluation tasks.

FinePDFs-Edu
—— FinePDFs-Edu EMA (span=2)

Baseline
—— Baseline EMA (span=2)

Propella-1-educational value
—— Propella-1-educational value EMA (span=2)
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Figure 6: Downstream performance of three trained
language models. The dots represent checkpoint per-
formance, while lines show the exponential moving
average. The standard error for ARC:Challenge, Multi-
BLiMP, HellaSwag and Belebele tasks are 0.012, 0.009,
0.004 and 0.015 respectively.
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4.4 Downstream performance evaluation

We evaluated three small language models: a base-
line model which was trained on the unfiltered
Finnish subset of HPLT 4.0, and two models trained
on subsets filtered by Propella-1 and FinePDFs-
Edu. Figure 6 shows the performances of the eval-
uation tasks.

The effect of data filtering varies across eval-
uation tasks. For multi-hop and common sense
reasoning tasks (ARC:Challenge and HellaSwag
respectively), the model trained with data filtered
with Propella-1 outperforms the two others. How-
ever, Propella-1 shows drop in performance for the
MultiBLiMP linguistic minimal pairs task, which
does not recover till end of training. Additionally,
for the reading comprehension task (Belebele), all
three models perform similary during training, ex-
cept for last three checkpoints, where FinePDFs-
Edu model outperforms two other. The improved
performance of filtered models on multi-hop and
common sense reasoning tasks can be associated
with increased amount of instructional and infor-
mative documents in training corpora.

5 Conclusions

We analyzed how educational filters affect the dis-
tribution of linguistic variation and thematic con-
tent (business sectors) in a pre-training corpus
using Propella-1 annotations, FinePDFs-Edu, the
MultiCORE register (genre) framework, and the
Finnish subset of HPLT 4.0. Our results show
that educational filters shift the distribution towards
instructional and informative registers, and away
from narrative and persuasive documents. Simi-
larly, filtering increases the representation of aca-
demic, technical and medical business sectors.

Our analysis of machine-translated documents
further shows that high educational scores do not
always correspond to linguistically well-formatted
text. Documents containing grammatical and lexi-
cal errors are present even among the highest edu-
cational categories of both filters. We determined
that educational filters focus on content character-
istics and ignore linguistic quality that introduces
risk of including machine-translated documents in
the filtered corpus.

Finally, by studying data distribution changes,
training small language models, and evaluating
them we show that educational filters have both
shared and distinct effects on corpus and model
performance. These findings highlight the impor-

tance of considering linguistic and thematic com-
position alongside downstream performance when
evaluating pre-training data filtering strategies.

Limitations

In our work we analyze the effect of educational
filters on the change of distributions of linguistic
variance as well as business categories of docu-
ments within the HPLT 4.0 corpus. However, our
study focuses only on the Finnish subset of the
dataset. Additional studies should be carried out
to fully describe the effect of filters on broader
range of languages. Moreover we used only two
educational filters: FinePDFs-Edu and Propella-1.
Additional studies using other filters could clarify
our claims and findings. For qualitative evalua-
tion of machine translated text we only consider
a small sample of 15 randomly selected texts, re-
viewed by one native speaker. Lastly, we train three
small language models, but do not carry out model
size ablation studies - observed effects might differ
for larger model sizes. We carried out tests with
multiple choice formula for ARC:Challenge and
HellaSwag tasks, meanwhile a cloze formula test
could result in higher values.
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A Appendix

The small language models were trained with the following hyperparameters:

Parameter Value
Number of layers 28
Hidden size 1024
Number of attention heads | 16
Sequence length 4096
Learning rate 0.002
Learning rate decay type WSD
Decay style linear
Warmup iterations 2000
Cooldown fraction 0.2
Weight decay 0.1
Optimizer Adam
Adam (31 0.9
Adam (s 0.95
Adam € le-8
Global batch size 512
Micro batch size 2
Training token budget 100BT
Tokenizer openeurollm/tokenizer- 256k

Table 5: Most important hyperparameter of trained models. The openerollm tokenizer can be found under

https://huggingface.co/openeurollm/tokenizer-256k

B Appendix

Table 6 shows the register composition of each Propella-1 educational category. The same composition

for FinePDFs-Edu score categories is shown in table 7.

none | minimal basic | moderate high
P 3442 % | 22.57 % | 16.77 % 551 % 2.64 %
NA 3204 % | 3858 % | 2292% | 1195% | 4.09 %
IN 528 % 805% | 1426 % | 20.69 % | 53.40 %
HI 0.23 % 0.59 % 491 % | 14.08 % 6.40 %
ID 8.31 % 6.67 % | 10.60 % 498 % | 0.95%
MT 59% | 422% 4.30 % 7.05 % 5.54 %
LY 0.16 % 0.03 % 0.01 % 002% | 0.02%
SP 0.09 % 0.20 % 0.29 % 028% | 0.18%
OP 1.74 % 5.03 % 6.38 % 6.63 % 395 %
Hybrid | 11.73 % | 1407 % | 19.57 % | 28.81 % | 22.83 %

Table 6: Proportion of registers within each Propella-1 educational category

<0.3771 | 0.3771-0.8929 | 0.8929-1.1998 | 1.1998-2.6491 | >2.6491
IP 38.45 % 17.44 % 14.17 % 12.20 % 8.43 %
NA 26.49 % 34.77 % 32.72 % 2939 % | 14.24 %
IN 6.21 % 833 % 13.29 % 1934 % | 3555 %
HI 1.23 % 2.59 % 373 % 4.76 % 7.13 %
ID 6.23 % 11.38 % 6.52 % 385% 1.23 %
MT 5.13 % 5.77 % 5.07 % 3.74 % 2.57 %
LY 0.04 % 0.10 % 0.11 % 0.07 % 0,01 %
SP 0.06 % 0.20 % 0.33 % 0.29 % 0.20 %
OP 291 % 4.25 % 585 % 5.68 % 3.57 %
Hybrid | 13.25% 15.16 % 18.21 % 20.69 % | 27.06 %

Table 7: Proportion of registers within each FinePDFs-Edu score category

Tables 8 and 9 show what percentage of texts in each educational score category belong to the MT
register or a hybrid register containing MT. The label *multi’ denotes hybrid registers composed of three

or more main registers.
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none minimal basic | moderate high
MT 59933 % | 4.2243 % | 4.2998 % | 7.0457 % | 5.5436 %
IP-MT | 22730 % | 0.5112% | 0.2784 % | 0.1285 % | 0.1038 %
IN-MT | 0.1015 % | 0.2167 % | 0.3308 % | 0.8144 % | 1.9455 %
HI-MT | 0.0122 % | 0.0839 % | 0.2221 % | 1.3349 % | 0.7746 %
MT-OP | 0.2636 % | 0.1226 % | 0.1020 % | 0.1345 % | 0.0217 %
MT-NA | 0.1185 % | 0.1035 % | 0.0340 % | 0.0188 % | 0.0072 %
multi 0.0782 % | 0.0138 % | 0.0152 % | 0.0451 % | 0.0408 %
ID-MT | 0.0325 % | 0.0329 % | 0.0365 % | 0.0197 % | 0.0256 %
LY-MT | 0.0082 % | 0.0016 % | 0.0003 % | 0.0000 % | 0.0000 %
MT-SP | 0.0003 % | 0.0010 % | 0.0010 % | 0.0016 % | 0.0009 %

Table 8: Amount of machine translated registers as percentage of texts in Propella educational categories

<0.3771 | 0.3771-0.8929 | 0.8929-1.1998 | 1.1998-2.6491 >2.6491
MT 5.1300 % 5.7697 % 5.0669 % 3.7396 % | 2.5721 %
IP-MT | 2.1767 % 0.6489 % 0.2376 % 0.1019 % | 0.0248 %
IN-MT | 0.0519 % 0.2747 % 0.5814 % 0.4845 % | 0.3064 %
HI-MT | 0.1037 % 0.2697 % 0.2435 % 0.2878 % | 0.1924 %
MT-OP | 0.3588 % 0.0811 % 0.0378 % 0.0176 % | 0.0074 %
MT-NA | 0.0921 % 0.1179 % 0.0613 % 0.0233 % | 0.0027 %
multi 0.0824 % 0.0200 % 0.0132 % 0.0113 % | 0.0134 %
ID-MT | 0.0243 % 0.0452 % 0.0324 % 0.0179 % | 0.0029 %
LY-MT | 0.0011 % 0.0064 % 0.0060 % 0.0009 % | 0.0002 %
MT-SP | 0.0008 % 0.0010 % 0.0008 % 0.0002 % | 0.0000 %

Table 9: Amount of machine translated registers as percentage of texts in FinePDFs educational score categories

C Appendix

Figure 7 shows how the proportion of business sector labels is affected by data selection. Figure 7a shows
the baseline distribution of the whole dataset, while 7b shows distribution in documents labelled high by
the Propella-1 educational score classifier. 7c shows the distribution in the 10 % of texts with the highest
FinePDFs-Edu score. Bar colors in plots b and ¢ indicate whether the proportion of the given sector is
higher or lower than in the whole dataset.

D Appendix

Table 10 contains a breakdown of Propella-1 business sectors within the 5 educational categories given by
Propella-1. Table 11 shows the same for educational score categories from FinePDFs-Edu.
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Figure 7: Distributions of business sectors in a) Finnish subset of HPLT 4.0, b) Subset with Propella-1 educational

value high, c¢) Top 10 % of documents with the highest FinePDFs-Edu score
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Business sector none | minimal basic | moderate high

general_interest 39.20% | 28.85% | 20.21 % 11.40 % | 0.34 %
media_entertainment 4725 % | 38.72% | 10.44 % 330% | 0.29 %
government_public 1872 % | 51.38% | 20.63 % 8.15% | 1.12 %
retail_commerce 55.59 % 30.64 % | 11.12 % 2.58 % | 0.07 %
consumer_goods 50.14 % | 29.85% | 14.71 % 517 % | 0.13 %
healthcare_medical 1534 % | 35.67% | 2793 % 18.98 % | 2.08 %
hospitality_tourism 48.72 % | 33.11 % | 14.70 % 330% | 0.17 %
education_sector 1171 % | 4726 % | 24.46 % 11.55% | 5.03 %
real_estate_construction 4310 % | 32.69 % | 15.38% 792 % | 092 %
nonprofit_ngo 26.09% | 4691 % | 19.29 % 6.75 % | 0.96 %
technology_software 1736 % | 38.28 % | 23.55 % 19.15% | 1.67 %

food_beverage_hospitality | 27.56 % | 25.84 % | 25.53 % 20.89 % | 0.18 %
manufacturing_industrial 3214 % | 40.74 % | 17.12 % 852% | 148 %
consulting_professional 2495 % | 36.12% | 20.08 % 1699 % | 1.86 %

financial_services 1943 % | 39.53 % | 25.02 % 1492 % | 1.10 %
academic_research 339% | 30.20% | 29.59 % 28.40 % | 8.42 %
automotive_industry 40.82% | 31.92% | 17.46 % 9.48 % | 0.32 %
advertising_marketing 4434 % | 28.58 % | 15.98 % 10.56 % | 0.54 %
agriculture_food 1571% | 38.29 % | 27.50 % 1692 % | 1.59 %
hardware_electronics 2527 % | 4557 % | 17.29 % 10.87 % | 1.00 %
environmental_services 970 % | 41.29 % | 33.93 % 13.65% | 1.44 %
human_resources 37.55% | 3093 % | 17.82 % 1251 % | 1.19 %
legal_services 1230 % | 40.96 % | 25.40 % 19.06 % | 2.29 %
transportation_logistics 29.72% | 4588 % | 17.58 % 6.14 % | 0.69 %
gambling_betting 50.26 % | 31.05% | 13.54 % 5.06 % | 0.08 %
gaming_industry 51.68 % | 33.49 % | 10.10 % 451% | 022 %
energy_utilities 17.30% | 44.71 % | 25.02 % 1145% | 1.52 %
travel_aviation 3856 % | 41.00% | 1591 % 440% | 0.14 %
telecommunications 2007 % | 49.42 % | 19.94 % 956 % | 1.02 %
pharmaceutical_biotech 20.79 % | 24.50 % | 25.26 % 25.87% | 3.58 %
security_cyber 1256 % | 3298 % | 27.72 % 2551% | 1.23 %
chemicals_materials 1453 % | 38.81 % | 27.86 % 16.59 % | 2.22 %
aerospace_defense 8.00% | 51.12% | 26.46 % 1314 % | 1.29 %
wholesale_distribution 60.66 % | 28.20 % 7.47 % 335% | 032 %
insurance_industry 1623 % | 33.02 % | 30.60 % 1884 % | 1.31 %
mining_resources 1928 % | 46.08 % | 21.97 % 11.10% | 1.57 %
other 87.17 % 7.46 % 3.54 % 1.69 % | 0.13 %

Table 10: Distribution of Propella-1 business sectors categories within Propella-1 educational value categories
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Business sector <0.3771 | 0.3771-0.8929 | 0.8929-1.1998 | 1.1998-2.6491 | >2.6491
general_interest 7.89 % 18.22 % 20.02 % 2413 % | 25.62 %
media_entertainment 11.51 % 12.24 % 10.63 % 9.10 % 5.74 %
government_public 5.28 % 11.03 % 11.33 % 9.58 % 5.83 %
retail_commerce 15.27 % 5.28 % 3.37 % 2.89 % 1.65 %
consumer_goods 10.11 % 3.55% 227 % 2.48 % 1.86 %
healthcare_medical 2.48 % 5.37 % 6.62 % 5.99 % 6.51 %
hospitality_tourism 4.62 % 3.86 % 4.24 % 4.46 % 2.03 %
education_sector 1.37 % 4.18 % 6.57 % 8.46 % | 21.24 %
real_estate_construction 5.06 % 3.32 % 2.24 % 1.51 % 0.67 %
nonprofit_ngo 2.20 % 3.75 % 5.14 % 4.79 % 3.84 %
technology_software 4.11 % 3.24 % 245 % 2.49 % 2.16 %
food_beverage_hospitality 2.13 % 2.58 % 3.13 % 2.30 % 0.69 %
manufacturing_industrial 2.74 % 1.70 % 1.43 % 1.12 % 0.74 %
consulting_professional 2.25 % 2.29 % 1.40 % 0.60 % 0.28 %
financial_services 1.97 % 2.25 % 1.45 % 0.84 % 0.40 %
academic_research 0.35 % 1.78 % 3.54 % 3.99 % 5.76 %
automotive_industry 3.08 % 1.30 % 0.72 % 0.49 % 0.20 %
advertising_marketing 2.50 % 1.30 % 0.64 % 0.39 % 0.13 %
agriculture_food 0.81 % 1.24 % 2.15 % 3.35% 4.06 %
hardware_electronics 2.62 % 0.90 % 0.52 % 0.57 % 0.47 %
environmental_services 0.39 % 1.00 % 2.47 % 4.23 % 6.20 %
human_resources 1.85 % 1.46 % 0.82 % 0.30 % 0.14 %
legal_services 1.22 % 1.71 % 1.15 % 0.78 % 0.38 %
transportation_logistics 1.17 % 1.30 % 1.14 % 0.83 % 0.34 %
gambling_betting 2.04 % 0.72 % 0.33 % 0.31 % 0.12 %
gaming_industry 1.60 % 0.81 % 0.55 % 0.79 % 0.75 %
energy_utilities 0.59 % 0.92 % 1.33 % 1.21 % 0.93 %
travel_aviation 0.44 % 0.50 % 0.42 % 0.29 % 0.04 %
telecommunications 0.59 % 0.33 % 0.21 % 0.19 % 0.09 %
pharmaceutical_biotech 0.25 % 0.51 % 0.49 % 021 % 0.09 %
security_cyber 0.27 % 0.36 % 0.25 % 0.25 % 0.12 %
chemicals_materials 0.28 % 0.25 % 0.32 % 0.31 % 031 %
aerospace_defense 0.09 % 0.27 % 0.34 % 0.51 % 0.43 %
wholesale_distribution 0.43 % 0.13 % 0.05 % 0.03 % 0.00 %
insurance_industry 0.21 % 0.20 % 0.10 % 0.05 % 0.01 %
mining_resources 0.07 % 0.10 % 0.16 % 0.16 % 0.17 %
other 0.17 % 0.06 % 0.03 % 0.01 % 0.01 %

Table 11: Distribution of Propella-1 business sectors categories within FinePDFs-Edu score categories
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