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Abstract

With the increasing demand for substantial
amounts of high-quality data to train large lan-
guage models (LLMs), efficiently filtering large
web corpora has become a critical challenge.
For this purpose, KenLM, a lightweight n-gram-
based language model that operates on CPUs, is
widely used. However, the traditional method
of training KenLM utilizes only high-quality
data and, consequently, does not explicitly learn
the linguistic patterns of low-quality data. To
address this issue, we propose an ensemble ap-
proach that leverages two contrasting KenLMs:
(i) Good KenLM, trained on high-quality data;
and (ii) Bad KenLM, trained on low-quality
data. Experimental results demonstrate that
our approach significantly reduces noisy con-
tent while preserving high-quality content com-
pared to the traditional KenLM training method.
This indicates that our method can be a practi-
cal solution with minimal computational over-
head for resource-constrained environments.

1 Introduction

The advancement of large language models (LLMs)
has accelerated as the ‘scaling law’ (Kaplan et al.,
2020), which states that the performance of LLMs
directly correlates with data size, has been stud-
ied. Moreover, recent studies (Penedo et al., 2023;
Gunasekar et al., 2023; Li et al., 2024; Penedo
et al., 2024; Dubey et al., 2024) have shown that
the performance of LLMs is largely determined by
the quality of the training corpus. In other words,
a vast amount of high-quality training corpus is
necessary to enhance the performance of LLMs.

However, large web corpora often contain sub-
stantial amounts of low-quality data, making them
difficult to use directly for training. In response
to this challenge, various methods (Wettig et al.,
2024; Kong et al., 2024) are employed to filter
out low-quality data and select high-quality data.
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These methods typically require GPU resources,
which makes them impractical, especially when
processing data that exceeds trillions of tokens.

To efficiently filter large datasets, the most
widely used method is KenLM (Heafield, 2011),
a lightweight n-gram-based model that operates
on CPUs. In many studies (Wenzek et al., 2019;
Computer, 2023; Nguyen et al., 2023; Laurençon
et al., 2024), KenLM, trained on the high-quality
Wikipedia dataset, is commonly used. It measures
perplexity (PPL) to identify low-quality content.
Note that higher PPL scores indicate lower-quality
or out-of-domain text, while lower PPL scores sug-
gest that the text closely resembles the linguis-
tic patterns of the high-quality data used to train
KenLM. Low-quality data with high PPL scores
are then filtered out.

We argue that the traditional KenLM does not
explicitly learn the linguistic patterns of low-quality
data. Thus, while it assigns low PPL scores to
data with high-quality linguistic patterns, it does
not consistently assign high PPL scores to data
with low-quality linguistic patterns. To address
this issue, we propose an ensemble approach that
utilizes the following two contrasting KenLMs: (i)
Good KenLM, trained on high-quality data; and (ii)
Bad KenLM, trained on noisy, low-quality data such
as spam emails, hate speech, and informal social
media text. Our empirical results show that this
approach can be a practical solution with minimal
computational overhead for resource-constrained
environments, significantly reducing noisy content
and preserving high-quality content compared to
the traditional KenLM training method.

2 Related Work

As the demand for a vast amount of high-quality
training corpus grows, it has become essential to
effectively and efficiently filter large amounts of
web corpus. Among various filtering methods,
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this paper focuses on model-based quality filtering,
which can be broadly divided into the following
two categories: (i) perplexity-based filtering; and
(ii) classifier-based filtering.

Perplexity-based filtering. Numerous stud-
ies (Wenzek et al., 2019; Computer, 2023; Nguyen
et al., 2023; Wei et al., 2023; Paster et al.,
2023; Laurençon et al., 2024) use the perplexity
(PPL) scores of KenLM (Heafield, 2011), an
n-gram-based language model, to efficiently
filter out low-quality data due to its lightweight
architecture. It can operate on CPUs, making it a
cost-efficient solution for handling large-scale text
data. Despite its efficiency, there have been few
efforts to improve its performance. Meanwhile,
The Pile (Gao et al., 2020) used the perplexity of
GPT-2 (Radford et al., 2019) and GPT-3 (Brown,
2020) to evaluate the quality of the dataset.

Classifier-based filtering. FastText (Joulin et al.,
2016) is widely used to distinguish the quality of
data (Computer, 2023; Wei et al., 2023; Li et al.,
2024). Similar to KenLM, FastText is also an effi-
cient model that operates on CPUs. However, as
detailed in Section 4, KenLM demonstrated supe-
rior performance compared to FastText when both
were trained on the same dataset. Furthermore,
recent research (Gunasekar et al., 2023; Li et al.,
2024; Penedo et al., 2024) has focused on fine-
tuning pre-trained embedding models to serve as
classifiers for quality filtering. Especially, Fineweb
demonstrated that training relatively small-sized
LLMs (1.82 billion parameters) on data filtered by
a trained classifier (resulting in 350 billion tokens),
rather than on unfiltered data, led to performance
improvements across various benchmarks. How-
ever, these methods are impractical for processing
large web corpora due to their high computational
costs, which necessitate significant GPU resources.

3 Proposed Method

In this paper, we aim to reduce noisy data while
preserving high-quality data in a computationally
efficient manner. To this end, we propose an en-
semble approach using two contrasting KenLMs:
(i) Good KenLM and (ii) Bad KenLM.

Good KenLM. The objective of Good KenLM
is to assign low perplexity (PPL) scores to well-
structured, high-quality text. Many previous stud-
ies (Wenzek et al., 2019; Computer, 2023; Nguyen
et al., 2023; Laurençon et al., 2024) have used

a high-quality Wikipedia dataset for training, de-
noted as Wiki KenLM in this paper. However, with
recent advancements in LLMs, several high-quality
datasets (Soldaini et al., 2024; Penedo et al., 2024;
Li et al., 2024) have emerged. In our experiments,
as shown in Section 4, we found that the combi-
nation of S2ORC (Lo et al., 2020) and Textbooks-
are-all-you-need-lite (SciPhi, 2023) as training data
was more effective than utilizing Wikipedia. Thus,
in this paper, we designate the KenLM trained on
this combination of data as Good KenLM.

Bad KenLM. The rationale behind employing
Bad KenLM alongside Good KenLM is that Good
KenLM fails to detect unwanted content (e.g.,
spam, advertising, and informal communication),
which are generally considered poor for training
LLMs, as it has not been explicitly trained on these
types of content. For instance, if low-quality con-
tent shares superficial linguistic patterns with high-
quality text, it may still score reasonably well un-
der Good KenLM. Therefore, to detect a wider
range of undesirable content, Bad KenLM is de-
signed to assign low PPL scores to such content. To
achieve this, we trained Bad KenLM using noisy,
low-quality datasets, including hate speech, spam
emails, and informal social media content. To the
best of our knowledge, this is the first study to em-
ploy KenLM trained on noisy, low-quality datasets.

Ensemble. To leverage the complementary
strengths of two contrasting KenLMs, we ensemble
the models by integrating the PPL scores assigned
by each. We perform Z-score standardization to
align the scales of the two PPL scores assigned
by each model, as they are trained on different
datasets and therefore exhibit different distributions
of PPL scores. Then, we compute the ensembled
PPL score Pens(xi), as follows:

Pens(xi) =α

(
Pgood(xi)− µgood

σgood

)

− (1− α)

(
Pbad(xi)− µbad

σbad

)
,

(1)

where xi ∈ X denotes the i-th text data, X repre-
sents datasets, Pgood(xi) (resp. Pbad(xi)) indicates
PPL score from Good (resp. Bad) KenLM for xi,
µgood (resp. µbad) is the mean of the PPL scores
from Good (resp. Bad) KenLM, σgood (resp. σbad)
is the standard deviation of the PPL scores from
Good (resp. Bad) KenLM, and α denotes a param-
eter that balances the two PPL scores. Note that
the coefficient for the term associated with Bad
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KenLM is negative. This is because, in contrast
to Good KenLM, which assigns low PPL scores
to high-quality data, Bad KenLM assigns low PPL
scores to low-quality data. Consequently, data with
low ensembled PPL scores—obtained by appropri-
ately subtracting two PPL scores—closely resem-
ble the linguistic patterns of high-quality data and
are distinctly separated from low-quality content.

4 Experiments

We designed our experiments to answer the follow-
ing key research questions (RQs):

• RQ1: Does our ensemble approach outperform
existing models in removing noisy content while
preserving high-quality content?

• RQ2: Which data sources are effective for train-
ing the Bad KenLM?

• RQ3: How sensitive is the performance of our
ensemble approach to hyperparameter α?

• RQ4: How much additional computational over-
head does our ensemble approach introduce com-
pared to a single KenLM?

• RQ5: What types of data does our ensemble
approach effectively filter out?

4.1 Experimental Settings
Dataset and model details. As mentioned in Sec-
tion 3, we randomly selected subsets of 300,000
samples each from S2ORC (Lo et al., 2020) and
Textbooks-are-all-you-need-lite (SciPhi, 2023) as
training data for Good KenLM. For the training
data of Bad KenLM, we collected datasets that
is likely to hinder the training of LLMs. Specifi-
cally, we used 1,000,000 pieces of social network
service (SNS) data (Twitter) (mjw, 2022; fschatt,
2023; lcama, 2022; StephanAkkerman, 2023) and
776,142 pieces of spam message data (Metsis et al.,
2006; thehamkercat, 2024; alissonpadua, 2024).
During the training of both models, we configured
the n-gram size to 6 and the vocabulary size to
65, 536. Also, we set the hyperparameter α to 0.7.

Evaluation details. To evaluate the effectiveness
of our ensemble approach, we measured perplex-
ity (PPL) scores for the CC-MAIN-2024-10 dump
(211 million samples) from Fineweb-edu (Penedo
et al., 2024). Following Wenzek et al. (2019); Com-
puter (2023), we then filtered the data based on the
30th and 60th percentiles of PPL scores. Subse-
quently, we measured the proportion of data with

Models Recall@30 Recall@60 Average Recall

Wiki KenLM 0.5530 0.8513 0.7022
Good KenLM 0.7059 0.9195 0.8127
Bad KenLM 0.3403 0.7031 0.5217

FastText(Wiki, Bad) 0.6453 0.8878 0.7665
FastText(Good, Bad) 0.7462 0.9412 0.8437

Ens(Good, Bad) 0.8190 0.9647 0.8919

Ens(Good, Wiki) 0.6312 0.8898 0.7605

Table 1: Performance comparison of our approach with
existing models, and an ablation study on our design
choices.

an educational score of 2.5 or higher that was in-
cluded. In other words, we treated data with an
educational score of 2.5 or higher as the ground
truth and measured the recall value. Note that the
educational scores are annotated using extensive
GPU resources, and it has been demonstrated that
training LLMs with data possessing high educa-
tional scores leads to performance improvements.

4.2 Main Results
We highlight the best results in bold and the second-
best results with an underline in the tables.

RQ1: Comparison of existing models. As
shown in Table 1, our Good KenLM significantly
outperformed the widely used Wiki KenLM. Al-
though Bad KenLM alone showed poor perfor-
mance, our strategy of ensembling it with Good
KenLM outperformed even FastText trained on the
same data, improving Recall@30 and Recall@60
by 9.76% and 2.50%, respectively.

Moreover, to validate the effectiveness of Bad
KenLM within our ensemble framework, we con-
ducted a comparative experiment where Good
KenLM and Wiki KenLM were ensembled in place
of Bad KenLM, denoted as Ens(Good, Wiki). The
performance of Ens(Good, Wiki) was lower than
that of Good KenLM alone. This is likely due
to the relatively lower quality of the Wikipedia
dataset compared to the training data used for Good
KenLM, which negatively impacts its overall per-
formance. This result also highlight the importance
of incorporating Bad KenLM into the ensemble, as
it successfully identifies undesirable content that
Good KenLM may overlook.

RQ2: Impact of data sources on training Bad
KenLM. The training dataset for Bad KenLM
is diverse, including SNS, spam mail, and toxic
datasets (Davidson et al., 2017; de Gibert et al.,
2018; Kennedy et al., 2020; Mathew et al., 2021;
Vidgen et al., 2021; Pavlopoulos et al., 2022) con-
taining hate speech and profanity. We conducted
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Training Dataset
of Bad KenLM

Metrics
Recall@30 Recall@60 Average Recall

Spam 0.8059 0.9576 0.8818
Twitter 0.8131 0.9651 0.8891
Toxic 0.7320 0.9402 0.8361

Spam + Twitter 0.8190 0.9647 0.8919
Spam + Toxic 0.7885 0.9545 0.8715

Twitter + Toxic 0.7973 0.9602 0.8788
Spam + Twitter + Toxic 0.7906 0.9533 0.8720

Table 2: The effect of data sources on Bad KenLM
training.
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Figure 1: The effect of α on the performance of our
ensemble approach.

experiments to determine which of these data
sources are effective for training Bad KenLM. In
this experiment, we ensembled our Good KenLM
with various Bad KenLMs, each trained on differ-
ent combinations of datasets.

As shown in Table 2, SNS data (Twitter) proved
to be the most effective for training Bad KenLM,
which is designed to filter out noisy content unsuit-
able for LLM training. Interestingly, toxic datasets
led to a decrease in the performance of Bad KenLM.
Unlike SNS data or spam mail, which share similar
distributions with web data, toxic datasets contain
a large proportion of highly offensive language,
resulting in a substantial distributional difference.
This discrepancy seems to adversely affect the train-
ing process of Bad KenLM.

RQ3: Hyperparameter sensitivity analysis.
The parameter α in Eq. (1) adjusts the balance
between the PPL scores of Good KenLM and Bad
KenLM. We analyze how the performance of our
ensemble approach varies with changes in α in
terms of Recall@30 and Recall@60.

As depicted in Figure 1, Recall@30 and Re-
call@60 continuously improve as α increases to
0.7 and 0.6, respectively, and then gradually de-
crease. These results suggest that when α is too
small, the influence of Bad KenLM becomes overly
dominant, resulting in poor preservation of high-
quality content. Conversely, when α is too large,
the influence of Good KenLM prevails, leading to
the inclusion of some low-quality content. These
results indicate that appropriately determining the
value of α is critical for effectively removing noisy
content while preserving high-quality content.

RQ4: Degree of computational overhead. To
assess the computational overhead of our approach,

Models Processing Time Estimated Cost Throughput Avg. Recall

Good KenLM 2,234s $1.42 94.4k docs/s 0.8127
Ens(Good, Bad) 3,928s $2.50 53.7k docs/s 0.8919

Table 3: Comparison of computational overhead and
performance for the CC-MAIN-2024-10 dump between
Good KenLM and our ensemble approach.

[…] Online roulette for real money hungary withdrawals can take up to 3 days to 
get approve and payments will be delivered to the client within 3 days, a pop-up 
will appear with the three-step registration process. […] Join us to find the best 
live casino software providers for USA players […]

[…] Of course Sydney being the getting older and more mature by the second 
girl that she is told Pop that he really didn't need to be there because she had it 
all handled. That girl is funny! […]

name

Advertising content

Communication-style content

Figure 2: Visualization of examples that are not filtered
by Good KenLM but are successfully removed by our
ensemble approach.

we measured the processing time and estimated
cost1 for the CC-MAIN-2024-10 dump on a ma-
chine with 128-core CPUs. As presented in Table 3,
our approach increased the processing time from
2,234 to 3,928 seconds, with an additional cost of
$1.08. These increases are justified by the recall im-
provement from 81.27% to 89.19%, as high-quality
data is crucial for effective LLM training.

RQ5: Case study on the effectiveness of our ap-
proach. To demonstrate the effectiveness of our
ensemble approach, we present examples that are
not filtered by Good KenLM but are successfully
removed by our ensemble approach. As illustrated
in Figure 2, our approach effectively filters adver-
tising and communication-style content, which are
generally unsuitable for LLM training. Since ad-
vertising content is usually written politely, Good
KenLM, trained only on high-quality datasets,
struggles to detect it. Conversely, Bad KenLM,
trained on spam mail and SNS data, successfully
identifies such content as well as communication-
style content. Therefore, our ensemble approach
more effectively filters these types of content.

5 Conclusion

In this paper, we propose an ensemble approach
using Good KenLM and Bad KenLM for effective
text filtering. By integrating perplexity scores, we
successfully filter out noisy data, such as spam
and informal content, while preserving high-quality
text. Empirical results suggest that our approach
could be a practical solution for filtering large-scale
datasets in resource-constrained environments.

1It was measured using an AWS r6a.32xlarge (Amazon
Web Services, 2022) spot instance.
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