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Abstract

Large-scale web corpora are valuable re-
sources for natural language processing (NLP),
linguistic research, and language model train-
ing, particularly for digitally low-resource lan-
guages such as Persian. However, web-derived
text often contains document-level noise, even
after quality-filtering pipelines. We present
HPLT3 Persian Refined (HPLT3-PerRef), a
refined Persian web corpus containing 105.9
billion tokens and 102.37 million documents,
obtained by applying a supervised quality-
filtering pipeline to the Persian subset of
HPLT3. We manually annotated 6,144 Per-
sian web documents and trained a multilin-
gual transformer-based classifier to distinguish
high- and low-quality documents. The classi-
fier removed approximately 20% of the orig-
inal corpus while preserving broad domain
coverage and complements HPLT3’s heuristic-
based Web Document Score (WDS) by iden-
tifying additional low-quality documents. We
publicly release the binary annotated corpus,
the trained classifier, the HPLT3-PerRef, and
the complete source code on GitHub, Hugging
Face (Data) and Hugging Face (Quality classi-
fier).

1 Introduction
The web has become a valuable source of textual
data for linguistic research and natural language
processing (NLP), providing large-scale, diverse,
and continuously updated language data that are
difficult to obtain from curated resources alone.
This is particularly important for digitally low-
resource languages such as Persian, where high-
quality text collections remain limited. However,
web-derived corpora often contain document-level
noise that can affect linguistic analyses and lan-
guage model training, motivating continued efforts
to improve corpus quality.

Several monolingual Persian (Farsi) corpora
have been developed in recent years (Hosseinbeigi

et al., 2025; Khansari and Shamsfard, 2021; Ay-
oubi, 2022; Sarmadi et al., 2025; Sabouri et al.,
2024; Ayoubi, 2021; Darvishi et al., 2023; Sabeti
et al., 2018; Doostmohammadi et al., 2018; AleAh-
mad et al., 2016, 2009; Shojaei, 2024). However,
many are limited in scale, are not openly acces-
sible, or focus on specific content types such as
news or blogs. Large multilingual web corpora
(Nguyen et al., 2024; Oepen et al., 2025; Sagot
and Romary, 2019; Xue et al., 2021; Kudugunta
et al., 2023) provide broader Persian coverage but
also include noisy documents, such as boilerplate,
SEO-oriented pages, machine-translated text, and
archive pages. Such documents increase corpus
size while reducing its value for linguistic research
and language model training.

We present HPLT3-PerRef, a 105.9-billion-
token Persian corpus derived from the Persian por-
tion of HPLT3 (Oepen et al., 2025). Starting from
HPLT3’s heuristic-filtered corpus, we further re-
fine the Persian subset using supervised document-
level quality classification. Despite this additional
filtering, HPLT3-PerRef remains among the largest
publicly available Persian corpora (Appendix Ta-
ble 4). Specifically, we (i) manually annotate a
subset of HPLT3 documents to train a document
quality classifier, (ii) apply the classifier to the full
HPLT3 Persian part to remove low-quality docu-
ments and assign quality confidence scores to the
retained ones, and (iii) publicly release the refined
corpus, the classifier, the document-level quality
scores, and the source code. Finally, we show
that the classifier complements HPLT’s Web Doc-
ument Score (WDS) by identifying additional low-
quality documents.

2 Related Work

Existing Persian language resources span a wide
range of domains and purposes. Large-scale web
corpora include Matina (Hosseinbeigi et al., 2025),
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Targoman (Ayoubi, 2022), and MirasText (Sabeti
et al., 2018). Domain-specific datasets cover
blogs (HmBlogs Khansari and Shamsfard 2021,
irBlogs AleAhmad et al. 2016), news (PerKey
Doostmohammadi et al. 2018, Hamshahri AleAh-
mad et al. 2009), and PDF documents (PDC Sho-
jaei 2024). Multi-source corpora such as Hakim
(Sarmadi et al., 2025) and naab (Sabouri et al.,
2024) integrate web text with resources includ-
ing Wikipedia, Common Crawl, and social media.
Moreover, PersianQA (Ayoubi, 2021) and PQuAD
(Darvishi et al., 2023) provide task-specific bench-
marks for question answering. However, many ex-
isting monolingual resources are limited in scale,
focus on specific domains or tasks, or face acces-
sibility and reproducibility challenges. For exam-
ple, the largest publicly released monolingual Per-
sian corpus, Matina, contains 72.9B tokens (Ap-
pendix 4), making it smaller than HPLT3-PerRef.
In addition, access to the corpus requires approval
through Hugging Face, which limits ease of access
and reproducibility.

Furthermore, open-source large multilingual
web corpora provide broader coverage of Persian.
Representative examples are CultureX (Nguyen
et al., 2024), HPLT3 (Oepen et al., 2025), OSCAR
(Sagot and Romary, 2019), mC4 (Xue et al., 2021),
and Madlad-400 (Kudugunta et al., 2023), which
include Persian alongside many other languages.
Among these, HPLT3 provides one of the largest
publicly available collections of Persian web text
and has a document-level filtering pipeline.

Despite these existing filtering efforts, web cor-
pora often retain document-level noise. HPLT3
employs the WDS, a heuristic-based scoring
method that estimates document quality from
structural and statistical properties of web pages.
Other approaches, including Propella (Idahl et al.,
2026) and WebOrganizer (Wettig et al., 2025), use
learned document quality models for large-scale
web corpus filtering; however, they have not been
developed or evaluated for Persian. These observa-
tions motivate our use of HPLT3 as the foundation
for HPLT3-PerRef: it contains one of the largest
publicly available collections of Persian web text,
yet its heuristic WDS filtering still retains some
document-level noise. HPLT3-PerRef therefore
further refines the Persian subset using a super-
vised document-level quality classifier.

3 Corpus Construction
3.1 Source Corpus
Our corpus is constructed from the Persian por-
tion of HPLT3. Each document corresponds to
the cleaned textual content extracted from a single
web page. The Persian subset contains approxi-
mately 127.96 million documents and 157.76 bil-
lion tokens, collected from the Internet Archive
(2012–2020) and 57 Common Crawl snapshots
(2014–2025). HPLT3 applies several large-scale
processing steps, including language identifica-
tion, quality filtering using the WDS, and global
near-duplicate removal with MinHash, resulting in
broad domain coverage and reduced duplication.

Although these preprocessing steps provide a
strong foundation, additional Persian-specific qual-
ity refinement can further improve the suitability
of the corpus for linguistic research and language
model training. Through repeated manual inspec-
tions of randomly sampled documents from the
Persian portion of HPLT3, we observed that some
low-quality content remains after the existing fil-
tering process. This suggests that heuristic quality
measures may not capture all types of document-
level noise.

3.2 Annotation
Building on the preprocessing performed by
HPLT3, we further refine its Persian subset us-
ing a Persian-specific document quality classifier
trained on a manually annotated dataset. Docu-
ments were assigned one of two labels based on
their overall quality: high-quality (class 1) or low-
quality (class 0).

High-quality documents were defined as coher-
ent and complete texts forming a unified document.
Low-quality documents included incomplete texts
(e.g., fewer than two complete sentences), incoher-
ent content, documents dominated by boilerplate,
special characters, numerical sequences, headline
fragments, lists, download pages, image captions,
keyword lists, repeated search terms, link collec-
tions, or SEO-oriented content. Examples of high-
and low-quality documents are shown in Figure 1.

3.3 Quality Classifier
The binary document quality classifier was trained
on an annotated dataset of 6,144 Persian web doc-
uments (3,998 high-quality and 2,146 low-quality)
sampled from the HPLT3 Persian corpus, and di-
vided into training, validation, and test sets using
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Low-quality: SEO page
نرد تخته بازی -دانلود سبزی کردن -خشک ملکه -فیلم

Translation: -Queen’s Movie -Drying vegetables -
Download backgammon game.

Low-quality: Boilerplate

قوانین | ما با تماس | اصلی صفحه
Translation: Home | Contact Us | Terms

High-quality

تنها عنوان به و مالی حامی بدون ساری استقلال تیم
فوتسال برتر لیگ رقابتهای وارد مازندران از نماینده
متحمل بار پنج خود ابتدایی مسابقه 6 در و شده بانوان

است. شده شکست
Translation: Esteghlal Sari team, without any fi-
nancial support and as the only representative from
Mazandaran, entered the competition of the women’s
futsal league and lost five out of their first six
matches.

Figure 1: Examples of manually annotated high- and
low-quality documents.

an 80/10/10 split.
We evaluated two multilingual transformer en-

coders, XLM-RoBERTa-large (Conneau et al.,
2020) and BGE-M3 (Chen et al., 2024), which are
suitable for Persian web data that contains diverse
linguistic patterns, including non-standard writing,
code-switching, multilingual fragments, and other
web-specific noise. XLM-RoBERTa was selected
as a strong multilingual baseline, while BGE-M3
was chosen for its longer input sequence length
(1,024 vs. 512 tokens), enabling more comprehen-
sive document-level quality estimation. Both mod-
els were fine-tuned as binary sequence classifiers,
with hyperparameters optimized using Bayesian
optimization with Optuna on the training and val-
idation sets. The search space, optimization pro-
cedure, and selected hyperparameter configuration
are described in Appendix A.2. The best configu-
ration was retrained from scratch and evaluated on
the held-out test set.

Metric BGE-M3 XLM-R
Accuracy 96.91% 97.56%
Macro F1 96.58% 97.31%
Weighted F1 96.90% 97.56%
Total errors 19/615 15/615

Table 1: Performance of quality classification models
on the test set.

Although XLM-RoBERTa achieved slightly
higher classification performance (Table 1), we
selected BGE-M3 for large-scale corpus filtering
because our goal was not only binary classifica-
tion but also reliable document-level quality scor-
ing across a continuous range. Its 1,024-token
input capacity allows it to evaluate a larger por-
tion of each web page, producing more represen-
tative quality estimates while maintaining compa-
rable performance.

The classifier outputs a continuous score be-
tween 0 and 1 representing the predicted proba-
bility of a document belonging to the low-quality
class, with higher scores indicating lower quality.
Unlike a fixed binary decision, this probability-
based output allows the filtering threshold to be ad-
justed according to the desired trade-off between
corpus size and quality. We selected the final
threshold on the validation set by evaluating preci-
sion and recall for the low-quality class across dif-
ferent thresholds, aiming to maximize low-quality
document removal while retaining high-quality
documents.

The BGE-M3 classifier contains approximately
567 million parameters, while XLM-RoBERTa-
large contains approximately 559 million param-
eters. Model training was performed on a single
NVIDIA A100 GPU with 256 GB of host mem-
ory and 8 CPU cores, and took approximately
3.5 hours for BGE-M3-RetroMAE and 10 min-
utes for XLM-RoBERTa-large. Applying the clas-
sifier to the HPLT3 data was performed on a single
NVIDIA A100 GPU with 256 GB of host mem-
ory and 16 CPU cores. The HPLT3 data were pro-
cessed using streaming inference across multiple
jobs, with a cumulative elapsed job time of approx-
imately 53 GPU hours.

3.4 Intrinsic Corpus-Quality Check
To provide an intrinsic validation beyond agree-
ment with the human annotations, we conducted
a controlled language-model pretraining experi-
ment. We trained identical, randomly initialized
GPT-2-style decoder-only Transformers on three
corpora: HPLT3, HPLT3-PerRef, and a random-
removal control created by randomly removing ap-
proximately 20% of documents from HPLT3.

The models have 6 Transformer layers, 12 at-
tention heads, a hidden size of 768, and a context
length of 2,048 tokens. We used the Qwen3.6-
35B-A3B (Qwen Team, 2026) tokenizer for all
three conditions, but we did not use the pre-
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trained Qwen3.6-35B-A3B model or its pretrained
weights. Each model was trained from a random
initialization using the same initialization seed, ar-
chitecture, optimization settings, and 100M-token
training budget. This ensures that differences in
validation loss are attributable to the training cor-
pora rather than to differences in model configura-
tion or training conditions.

After training, all models were evaluated on the
same held-out Persian test set using next-token pre-
diction loss and perplexity. The results are shown
in Table 2. HPLT3-PerRef achieved lower held-out
cross-entropy and perplexity than both the origi-
nal HPLT3 corpus and the random-removal control.
This result suggests that the documents removed by
the supervised filtering procedure are not simply a
random subset of HPLT3. Under a fixed token bud-
get, the resulting HPLT3-PerRef corpus produces
a more predictable training distribution according
to this intrinsic language-modeling criterion.

Training corpus Cross-entropy Perplexity
HPLT3 13.14 511K
Random removal 13.22 553K
HPLT3-PerRef 12.93 414K

Table 2: Held-out language-modeling cross-entropy
and perplexity on Persian test data.

3.5 HPLT3-PerRef Creation and WDS

Applying the trained BGE-M3 classifier to the Per-
sian portion of HPLT3 produced HPLT3-PerRef,
containing 102.37 million documents and approx-
imately 105.9 billion tokens. Overall, 20% of the
original documents were removed.

Because WDS relies solely on surface-level fea-
tures, it may assign high scores to documents that
our annotation guidelines classify as low quality.
It may also assign lower scores to documents with
unusual formatting, even when they contain useful
linguistic content.

To investigate the relationship between WDS
and our Persian-specific quality classifier, we com-
pare the distribution of WDS scores for the en-
tire Persian subset of HPLT3 with those of docu-
ments classified as low quality. This analysis as-
sesses whether the proposed classifier identifies ad-
ditional low-quality documents beyond those cap-
tured by WDS.

Figure 2: Distribution of WDS scores for the full
HPLT3-PerRef and documents classified as low quality.

3.6 WDS analysis
Figure 2 shows the marginal distribution of WDS
scores for the entire corpus and low-quality doc-
uments. Since the overall corpus is concentrated
around a WDS score of approximately 8, most low-
quality documents also appear in this region. How-
ever, this distribution shows the frequency of WDS
scores among low-quality documents, not the prob-
ability that a document with a given WDS score
is low-quality. Equivalent distributions for the re-
maining quality scores are in Appendix Figure 4.

Figure 3 shows the proportion of documents
classified as low-quality within each WDS score
bin. After normalising by the number of doc-
uments in each bin, a clear inverse relationship
emerges: the proportion of low-quality documents
decreases from approximately 42% at WDS = 5
to below 5% for WDS scores above 9.5. We fit
a weighted four-parameter logistic (4PL) model to
the observed prevalence, which provides a good
fit to the empirical distribution (R2=0.967)1. The
fitted curve captures the upper and lower plateaus
and the transition region around WDS scores of
7.4–7.9, showing that the likelihood of a document
being classified as low-quality decreases smoothly
as WDS increases. However, low-quality docu-
ments remain present across the entire WDS score
range, including the highest-scoring bins. WDS is
therefore a useful quality indicator but cannot fully
identify all low-quality documents, motivating the
use of the proposed classifier as a complementary
filtering approach. The corresponding prevalence
plots for all quality metrics are in Figure 5.

1The weighted 4PL model outperformed quadratic (R2 =
0.809) and cubic (R2 = 0.904) alternatives.
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Figure 3: Proportion of documents classified as low
quality across WDS score bins.

Pearson correlation analysis over the entire cor-
pus was used to measure the linear relationship be-
tween the continuous WDS scores and the classi-
fier’s predicted low-quality probabilities. It further
indicates that the proposed classifier captures infor-
mation complementary to the existing HPLT docu-
ment quality scores. The overall WDS score shows
a moderate negative correlation with the probabil-
ity of being classified as low-quality (r=−0.279).
Among individual WDS components, correlations
remain generally weak, suggesting that the classi-
fier captures quality-related patterns that are not
fully represented by the heuristic scores.

4 Conclusion

We presented HPLT3-PerRef, a refined Persian
web corpus constructed from the Persian portion
of HPLT3 using a supervised document quality fil-
tering pipeline. The filtering process removed ap-
proximately 20% of the original corpus while pre-
serving broad web coverage. Our analysis demon-
strated that the proposed classifier complements
HPLT3’s Web Document Score (WDS) by identi-
fying additional low-quality documents that are not
fully captured by heuristic quality measures.

HPLT3-PerRef contains approximately 105.9
billion tokens across more than 102 million doc-
uments, making it one of the largest publicly avail-
able refined Persian corpora for general-purpose
NLP and language model pretraining. HPLT3-
PerRef and its associated resources are publicly re-
leased to support reproducible research, available
at GitHub, Hugging Face (Data) and Hugging Face
(Quality classifier).

Future work includes extending the annotation
framework to finer-grained quality categories, in-

corporating additional semantic quality signals,
and evaluating the impact of the refined corpus
on Persian language model pretraining and down-
stream tasks.

5 Limitations and Further Work
The quality classifier was trained on a manually
annotated subset of Persian HPLT3 documents.
Since the annotations were produced by a single
annotator, inter-annotator agreement could not be
measured, and the labels may reflect subjective
quality judgments. Furthermore, the annotated
dataset represents only a subset of Persian web
content, and the distribution of document types
and quality levels within this sample may influence
the classifier’s decisions. Under-represented docu-
ment types or WDS score ranges may therefore be
classified less reliably.

As further work, the relationship between the
heuristic WDS score and the supervised classifier
could be investigated more systematically, includ-
ing evaluating WDS as a baseline and exploring
whether its component weights can be optimized to
better reflect the annotated quality judgments. In
addition, moving beyond binary quality labels to-
ward multi-dimensional annotations could provide
a more nuanced representation of the diverse qual-
ity characteristics of web documents and better cap-
ture the complexity of web data.

6 Data Disclaimer
The documents contained in HPLT3-PerRef are de-
rived from publicly available web content and may
contain opinions, claims, or other statements ex-
pressed by the original authors of those documents.
Their inclusion in the corpus does not imply that
the authors of this work endorse, support, or agree
with any such content. The corpus is provided for
research purposes, and the views and statements ex-
pressed in the included documents should not be
attributed to the authors of this work.
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A Appendix
A.1 WDS Score
The WDS quality score is composed of several
heuristic subscores. language_score measures
the proportion of alphabetic characters belonging
to the target language, urls_score the proportion
of URLs, punctuation_score the proportion of
punctuation characters, singular_chars_score
the proportion of dominant single characters,
numbers_score the proportion of numeric charac-
ters, repeated_score the amount of repeated text
segments, n_long_segments_score the amount
of long text segments, great_segment_score
the length of the longest text segment, and
informativeness_score the document’s
compression-based informativeness estimated
using Zstandard.

Figures 4 and 5 extend the analyses presented in
Figures 2 and 3 to the individual WDS heuristic
subscores. Figure 4 shows the marginal distribu-
tion of each score for the full corpus and for doc-
uments classified as low quality. These distribu-
tions describe the frequency of low-quality docu-

Score Pearson’s r N

WDS score -0.2790 127,957,098
lang_score -0.0853 127,957,098
url_score 0.0024 127,957,098
punctuation_score -0.4186 127,957,098
singular_chars_score 0.0143 127,957,098
numbers_score -0.0444 127,957,098
repeated_score -0.2299 127,957,098
informativeness_score 0.1424 127,957,098
n_long_segment_score 0.1002 127,957,098
great_segment_score -0.1405 127,957,098

Table 3: Pearson correlation between individual quality
scores and the target variable.

Corpora n-token/word n-document/pages
HPLT3 Per-
sian

157.76B (t) 127.96M (d)

HPLT3-
PerRef

105.9B (t) 102.37M (d)

Matina 72.9B (t) -
Hakim 58.8B (t) -
mC4 Persian 52B (t) 54M (p)
Targoman 41B (t) 75M (d)
Madlad-400
Persian

29.2B (t) 58.1M (d)

naab 15B (w) -
HmBlogs 6.8B (t) 20M (d)
OSCAR Per-
sian

4.3B (t) -

ParsBERT - 4M (d)
MirasText 1.4B (t) 2.8M (d)

Table 4: Persian Corpora size comparison

ments across the score range and should not be in-
terpreted as the probability of a document being
low quality given its score. Figure 5, in contrast,
shows the proportion of documents classified as
low quality within each score bin, obtained by nor-
malising the number of low-quality documents by
the total number of documents in the correspond-
ing bin.

A.2 Optuna Hyperparameters Optimization
Hyperparameter optimization was performed us-
ing Optuna. The optimization searched over the
learning rate, weight decay, warmup ratio, per-
device training batch size, and gradient accumu-
lation steps. The learning rate was sampled be-
tween 5 × 10−6 and 3 × 10−5 on a logarithmic
scale. Weight decay was sampled between 0 and
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0.1, while the warmup ratio was sampled between
0 and 0.15. The per-device training batch size was
selected from 4 or 8, and the gradient accumulation
steps were selected from 4 or 8.

For each trial, the model was initialized from the
pretrained model and trained for up to 10 epochs.
Early stopping was applied with a patience of 3
epochs. The per-device evaluation batch size was
fixed at 16. Evaluation and logging were per-
formed after each epoch, and the best model check-
point was retained based on recall for class 0 on the
development set (eval_recall_0). The optimization
objective was therefore to maximize class-0 recall
on the development set.

The remaining training settings were kept fixed
across trials. These included a random seed of 42
and bfloat16 (BF16) mixed-precision training. The
complete hyperparameter configuration selected
by Optuna for the final model was: learning rate
= 7.79 × 10−6 , weight decay = 0.0508, warmup
ratio = 0.00184, per-device training batch size =
8, and gradient accumulation steps = 8. The con-
figuration reported above corresponds to the trial
achieving the highest class-0 recall on the develop-
ment set.
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Figure 4: Marginal distributions of the WDS score and its heuristic subscores for the full HPLT3-PerRef corpus and
documents classified as low quality. The WDS distribution corresponds to Figure 2 in the main text; the additional
panels show the corresponding distributions for the individual heuristic subscores.
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Figure 5: Proportion of documents classified as low quality within bins of the WDS score and its heuristic subscores.
The WDS relationship corresponds to Figure 3 in the main text; the additional panels show the corresponding
relationships for the individual heuristic subscores.
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