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Abstract

The quality and size of a pretraining
dataset significantly influence the perfor-
mance of large language models (LLMs).
While there have been numerous efforts in
the curation of such a dataset for English
users, there is a relative lack of similar ini-
tiatives for Traditional Chinese. Building
upon this foundation of FineWeb (Penedo
et al., 2024a), we introduce FineWeb-zhtw,
a dataset tailored specifically for Tradi-
tional Chinese users. We came up with
multiple stages of meticulously designed
filters to cater to the linguistic difference
between English and Traditional Chinese,
to ensure comprehensiveness and quality.
We determined effectiveness from querying
dataset samples with three main objectives.
Our code and datasets are publicly avail-
able.

1 Introduction

The performance of large language models
(LLMSs) is significantly influenced by the qual-
ity and size of the pretraining datasets. While
the exact data recipe remains undisclosed for
many chatbot pursuits, it is generally per-
ceived that trillions of high-quality tokens are
the cornerstone for creating a generalist lan-
guage model (Touvron et al., 2023a,b; Meta,
2024; Jiang et al., 2024). The vast expanse
of the World Wide Web offers an enormous
and diverse reservoir of data, making it an
invaluable resource for experiments that re-
quire large-scale data. To extract relevant
text information from raw HTML content, var-
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ious preprocessing techniques have been es-
tablished (Penedo et al., 2023b; Raffel et al.,
2023; Gao et al., 2020). Among these meth-
ods, FineWeb (Penedo et al., 2024a) has set
a new paradigm in this domain, boasting a
very competitive data-performance trade-off.
Despite the many efforts in English, there re-
mains a notable absence of publicly available,
high-quality datasets specifically tailored for
Traditional Chinese. Further, the unique lin-
guistic and cultural nuances of Traditional Chi-
nese, such as lack of spacing, hinder the direct
projection of current pipelines, which necessi-
tates a specialized refinement approach.

In response to this need, we introduce
FineWeb-zhtw, a dataset meticulously curated
to provide a robust and comprehensive collec-
tion of Traditional Chinese text catered to the
language usage of the Taiwanese community.
By employing advanced filtering techniques,
we ensure high quality and relevance on the
samples of FineWeb-zhtw.

The creation of FineWeb-zhtw involves sev-
eral stages of filtering, including basic filter-
ing, multi-staged language identification, fol-
lowed by Gopher (Rae et al., 2022), C4 (Raf-
fel et al., 2023), and FineWeb (Penedo et al.,
2024a) quality filters. Each of these stages is
designed to enhance the dataset’s overall qual-
ity and relevance. For the implementation of
these filters and the curation process, we uti-
lized datatrove (Penedo et al., 2024b), a tool
developed by the HuggingFace team that facil-
itated our efforts effectively. We then evaluate
the dataset samples on three custom metrics
to understand the effectiveness of our filtering
pipeline.

Through FineWeb-zhtw, we aim to advance
the development of natural language research
for Traditional Chinese, providing a crucial re-



source for the community to build upon.

2 Building FineWeb-zhtw

The raw data for FineWeb-zhtw is sourced
from Common Crawl, an extensive web archive
that captures a comprehensive snapshot of the
internet. The data is stored in Web ARChive
(WARC) format, which is a standard format
for web-crawled data. This format includes
both the retrieved content and metadata, mak-
ing it suitable for large-scale data processing
tasks. For the parameters mentioned in the
paragraph, we determined the parameters us-
ing grid search by manually inspecting the
quality of filtered-in and filtered-out data.

2.1 Basic filtering and Text Extraction

The initial stage of building the FineWeb-TC
revolves around extracting text from html web-
pages. We use the trafilatura tool favoring
precision to remove potential headers and foot-
ers. Since html cleaning is an expensive opera-
tion compared to filtering out entire webpages,
we implemented a pre-filter that excludes doc-
uments that are guaranteed not to be in Tra-
ditional Chinese to minimize computational
cost. The pre-filter defines fuzzy Traditional
Chinese tokens by an unicode range', and any
document without 5 consecutive characters in
the set will be filtered out.

We also applied a URL filter, which blocks
flagged websites that have low content value
such as spam.

2.2 Language Identification

The filtering process for FineWeb-TC is to
identify core text from html that are natu-
rally written in Traditional Chinese. Most lan-
guage identifiers, such as fasttext (Bojanowski
et al., 2017), do not differentiate between Tra-
ditional Chinese and Simplified Chinese. As
we could not find a pre-defined document-wise
filter with satisfying accuracy on these two
variants of Chinese, we designed a custom fil-
ter in addition to fasttext, with character and
word-phrase filtering. We remove documents
that match any of the specified phrases, pri-
oritizing the precision of the remaining en-
tries. This step is crucial for ensuring that
the dataset accurately reflects and aligns with
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the language and preferences of the local com-
munity.

2.3 Gopher filters

Next, we applied the Gopher Quality Filter,
which uses heuristic rules to ensure the text
content adheres to specific quality standards.
This custom filter evaluates various textual
characteristics and excludes documents that
do not meet the established criteria.

e Document Length: Short documents
often lack useful information, while ex-
cessively long documents are more likely
to be spam and can skew the dataset.
Therefore, we excluded documents with
fewer than 50 words or more than 100,000
words.

e« Symbol-to-Word Ratio: Excessive use
of symbols can indicate low-quality con-
tent. To filter these out, we excluded doc-
uments with a symbol-to-word ratio ex-
ceeding 0.1.

« Ellipsis Lines Ratio: High frequencies
of ellipses can suggest truncated content.
These articles with unfinished sentences
decrease in value tremendously under the
auto-regressive modeling objective. Docu-
ments with more than 30% of lines ending
with ellipses were excluded.

e Stop Words Count: Documents lacking
sufficient stop words often do not contain
expressive and coherent sentences. There-
fore, we excluded those without any of the
predefined stop words.

By excluding documents that fail to meet
these criteria, the Gopher Quality Filter en-
sures a dataset with more consistent and high-
quality content suitable for analysis and appli-
cation.

2.4 C4 filters

To further refine the FineWeb-zhtw dataset,
we implemented the C4 Quality Filter and
customized its parameters to optimize for fil-
tering Traditional Chinese content. Besides
document-wise filtering, the C4 filter also high-
lights quality checks on each line of the doc-
uments. Uninformative lines are removed to



increase the density of relative information in
the data.

The C4 Quality Filter uses several key cri-
teria to determine the quality of a line in the
content:

o Filter JavaScript: Lines containing the
word javascript or curly brackets are
often code snippets or irrelevant content.
These lines are excluded to keep the
dataset focused on textual content.

e Filter Policy-Related Substrings:
Lines containing policy-related substrings
such as terms of use, privacy policy,
or cookie policy are usually boilerplate
text. Excluding these lines helps remove
non-informative content.

o Bracket Ratio: A high bracket ratio
can indicate the presence of excessive code
or other structured content. Documents
with a bracket ratio exceeding 0.01 are ex-
cluded. The bracket ratio is calculated
as the proportion of brackets in the docu-
ment.

By applying these criteria, the FineWeb-
zhtw dataset is cleaner, more relevant, and bet-
ter suited for subsequent analysis and applica-
tions.

2.5 FineWeb quality filters

Finally, we implemented the FineWeb Qual-
ity Filter and tuned its parameters to en-
hance the quality of Traditional Chinese con-
tent. This custom filter ensures that the text
content meets high-quality standards by ana-
lyzing key textual characteristics and exclud-
ing documents that do not meet these criteria.

The FineWeb Quality Filter uses the follow-
ing criteria to assess document quality:

e Line Punctuation Ratio: Proper punc-
tuation is essential for text coherence. We
exclude documents with a line punctua-
tion ratio below 0.04 to ensure that only
well-punctuated, readable content is in-
cluded.

e Short Line Ratio: Documents with a
high ratio of lines shorter than 10 charac-
ters are likely fragmented. By excluding
documents where this ratio exceeds 0.8,
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we ensure that the dataset contains sub-
stantial and informative content.

e Character Duplication Ratio: Exces-
sive repetition of characters can indicate
low-quality content. We exclude docu-
ments with a duplication ratio above 0.3
to filter out repetitive text and retain di-
verse content.

« New Line Ratio: A high new line ratio
suggests poor text structure. We exclude
documents with a new line ratio greater
than 0.3 to maintain well-organized and
coherent documents.

By applying these criteria, the amount of
low-quality or poorly structured content in the
dataset is significantly reduced.

2.6 Minhash Deduplication

We first applied a document-level minhash
deduplication to remove repetitive content.
Then, we iteratively removed lines of content
leading or trailing the document, if that line
has over 100 occurrences in one dump of Com-
mon Crawl.

2.7 The final FineWeb-zhtw dataset

We have implemented a comprehensive
pipeline to process Common Crawl data,
utilizing various filtering techniques at each
stage. The process begins with extracting
documents from WARC files. Then, filters
mentioned in the sections above are applied
sequentially, starting with the basic filtering
(Section 2.1), followed by the Language
Identification (Section 2.2). Next, we use the
gopher filters (Section 2.3), C4 filters (Section
2.4), FineWeb quality filters (Section 2.5),
and finally, minhash deduplication (Section
2.6).

Figure 1 illustrates the global removal rate
and the relative retention rates of documents
at each stage, offering not only an overview of
the total Traditional Chinese data reserve but
also a comparative analysis of the impact of
each filter. The final screening rate is around
99.5%, leaving 0.5% of effective Traditional
Chinese data available.?

214.04 gigabytes of pure text data remain for the
dump CC-MAIN-2024-26
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Figure 1: Relative removal rate and global kept rate of Common Crawl during each filtering
stage. We report the removal rate with respect to each previous stage, and the overall kept rate (Penedo
et al., 2023a). Rates are calculated by the number of documents until the language identification stage.
For later line-by-line filtering, rates are measure in tokens (bytes).

3 Evaluation

3.1 Evaluation Methodology

To ensure the quality and relevance of the
FineWeb-zhtw dataset, we evaluated the final
dataset using the following criteria:

1. Traditional Chinese and Language
Naturalness: Accurate use of Tradi-
tional Chinese characters and natural lan-
guage is essential for accessibility and
usability by native speakers.  Proper
language usage enhances readability and
comprehension, which are critical for any
linguistic dataset.

This criterion assessed whether the con-
tent is written in Traditional Chinese, em-
ploys accurate characters, and adheres to
Traditional Chinese grammar and conven-
tions. Factors include grammatical cor-
rectness, character usage, contextual ap-
propriateness, clarity, and logical struc-
ture.

2. Educational Value: High educational
value ensures that the content contains
relevant knowledge. Datasets with great
educational content provide reliable mate-
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rials that enhance knowledge-based ques-
tion answering of the language model.

This criterion evaluated whether the con-
tent is informative and relevant for learn-
ing purposes, considering educational cov-
erage, coherence, structure, and overall
value.

3. Sensitive Content: Excluding sensitive
or inappropriate content is vital for ethi-
cal development and ensuring user safety.

This criterion checked for sensitive or in-
appropriate content, including violence,
pornography, discrimination, and privacy
violations.

Each document was rated on a scale from
0 to 5 for each criterion, and the scores were
summed to provide a total score for each doc-
ument.

We utilized ”language model as a scor-
ing agent” (Chiang and Lee, 2023; Chiang
et al., 2024) to automate and streamline this
evaluation. The assistant was given a de-
tailed prompt outlining the criteria and scor-
ing methodology (See Appendix for details),
ensuring consistent and accurate assessment.



We randomly selected 1,000 documents
from different stages of the pipeline and ran
evaluations on the metrics mentioned above,
using GPT3.5 on the DaVinci® platform.

3.2 Evaluation Results

To assess the effectiveness of our filtering pro-
cess and the quality of the FineWeb-zhtw
dataset, we compared it against two ablations:
the dataset after basic filtering and the dataset
after language identification.

Figure 2 presents the evaluation results for
the different datasets, highlighting the distri-
bution of scores and mean values for each crite-
rion. We conducted a t-test on the null hypoth-
esis (Hp) that the scores are identical. Based
on the resulting t-statistic and p-values, we re-
jected the null hypothesis for p-values less than
0.05. Results show that the FineWeb-zhtw
dataset has consistent improvements across all
categories compared to the datasets after basic
filtering and language identification.

In the Traditional Chinese and Lan-
guage Naturalness category, FineWeb-zhtw
led with a mean score of 2.42, compared to
2.19 for the dataset after language identifica-
tion and 1.72 for basic filtering. Significant im-
provements with FineWeb-zhtw are supported
by a t-statistic of 5.36 (p-value = 9.14e-08) and
for the dataset after language identification
over basic filtering by t-statistic = 10.13 (p-
value = 1.53e-23). The significant difference
between FineWeb-zhtw and basic filtering is
highlighted by a t-statistic of 15.23 (p-value =
1.29¢-49).

For the criterion Educational Value,
FineWeb-zhtw scored a mean of 2.04, outper-
forming the dataset after language identifica-
tion (1.77) and basic filtering (1.54). Signif-
icant differences are evident with FineWeb-
zhtw compared to the dataset after language
identification (t-statistic = 4.96, p-value =
7.56e-07) and the dataset after language identi-
fication compared to basic filtering (t-statistic
= 4.12, p-value = 3.93e-05). The difference
between FineWeb-zhtw and basic filtering is
supported by a t-statistic of 8.78 (p-value =
3.38e-18).

In the Sensitive Content category, as the
score is already high, no statistically signifi-
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Figure 2: Comparison of evaluation results across
different datasets. The FineWeb-zhtw dataset
demonstrates significant improvements in Total
Score, Traditional Chinese and Language Natu-
ralness, and Educational Value compared to the
dataset after language identification and basic fil-
tering, with statistically significant differences (as
indicated by t-test results).



cant gains are achieved from the FineWeb fil-
tering stage. These scores reveal that sensitive
content is not a huge concern when using Com-
monCrawl data under our pipeline.

Finally, for the Total Score, FineWeb-zhtw
achieved a mean of 9.17, higher than 8.60 for
the dataset after language identification and
7.53 after basic filtering. T-tests confirm sig-
nificant differences between all pairings.

These results highlight that our sophisti-
cated filtering pipeline is effective at extract-
ing crucial assets that have a higher educa-
tional value and language coherence, which
have shown to benefit language model train-
ing (Penedo et al., 2024a).

4 Discussion

Through the realization of FineWeb-zhtw, we
have also observed a significant gap between
readily available English and Traditional Chi-
nese data. At the language identification
stage, the gap between the data size of English
and Traditional Chinese is already around 40x.
From our empirical screening rate, it is esti-
mated that even if the entire Common Crawl
data is completely extracted to train a Tra-
ditional Chinese LLM with 70B parameters,
the amount would not be sufficient under the
Chinchilla scaling law (Hoffmann et al., 2022).
It is therefore of great importance that addi-
tional efforts be made to curate publicly avail-
able data beyond what is found in Common
Crawl.

5 Conclusion

In summary, the FineWeb-TC dataset, result-
ing from the advanced filtering process, repre-
sents a significant advancement in the field of
readily available Traditional Chinese language
modeling corpus. The advanced techniques ap-
plied have successfully improved the dataset’s
overall quality, ensuring better adherence to
language standards, educational value, and
content appropriateness. These findings af-
firm the efficacy of our comprehensive filter-
ing pipeline in producing a high-quality Tra-
ditional Chinese dataset. Finally, we high-
light the qualitative differences between En-
glish and Traditional Chinese FineWeb that
arise from quantitative changes.
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Appendix

Evaluation Detalils

We show here the prompt that we use for scor-
ing the data samples:
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