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Abstract

Low-resource languages challenge multilin-
gual LLMs due to limited high-quality train-
ing data, leading to weaker performance on
complex reasoning and knowledge tasks. To
address this, we propose improving training
data quality through data synthesis, moving
beyond simple resource scaling. First, we intro-
duce SynTrans, which translates high-quality,
knowledge-rich English data into low-resource
languages during pretraining to inject world
knowledge, though at the cost of semantic flu-
ency. To overcome low-quality data issues
while maintaining fluency, we also propose
SynRank. SynRank leverages synthetic data as
positive samples to train a classifier that ranks
and filters noisy real-world data, enabling the
extraction of high-quality subsets without ex-
pensive human cleaning. Experiments show
SynRank matches handcrafted rule-based fil-
tering by human experts and significantly im-
proves knowledge-intensive task performance
at the same filtering rate. Remarkably, higher
filtering rates even improve performance with
less data, demonstrating the efficiency and ef-
fectiveness of our method, surpassing expert fil-
tering. Lastly, we introduce DA-QwenScore, a
training-free metric that evaluates corpus qual-
ity by normalizing model loss with diversity
measures, further enhancing evaluation effi-
ciency. Our insights into knowledge injection
could advance low-resource multilingual LLM
development.1

1 Introduction

Large Language Models (LLMs) often struggle
with low-resource languages, a widely recognized
long-tail problem (Winata et al., 2020; Magueresse
et al., 2020). Efforts to address this include ex-
panding multilingual instruction tuning data (Alves
et al., 2024; Üstün et al., 2024) and generating

*Corresponding author.
1The code can be found at https://github.com/shiqi

chen17/mulsyn/tree/main
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Figure 1: We propose two workflows for pretraining low-
resource language models. SynTrans translates knowledge-
rich synthetic English data into target languages, while Syn-
Rank cleans noisy real-world data using a quality classifier
bootstrapped on synthetic and noisy samples.

synthetic parallel data (Lu et al., 2024). However,
these approaches often synthesize relatively “easy”
data and thus still face challenges in difficult tasks
like knowledge acquisition and reasoning in low-
to-middle resource languages (e.g, Chinese) (Shi
et al., 2022; Huang et al., 2025). This indicates
that the bottleneck in training multilingual LLMs
extends beyond raw data scale, underscoring the
critical role of data quality. In this work, we re-
examine the problem from a data quality perspec-
tive. We identify weaknesses in multilingual pre-
training data and investigate whether high-quality
synthetic translations can address these gaps, as
illustrated in Figure 1.

To first gain insights into the limitations of train-
ing models for low-resource languages, we evaluate
several 1B-parameter LLMs trained from scratch
on real-world noisy multilingual corpora under the
same token budget. When comparing performance
on downstream tasks across high- and low-resource
languages, we observe key differences. For tasks
assessing knowledge acquisition (e.g., Hellaswag,
ARC-E), performance correlates linearly with lan-
guage availability, which we define as the volume
of the noisy corpus in the real distribution. In
other words, for languages with limited availabil-
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ity, world knowledge within the corpora is also
sparse. This indicates the primary bottleneck is not
just scale, but knowledge richness, aligning with
findings that a lack of specialized experts compli-
cates high-quality data collection for low-resource
languages (Doshi et al., 2024).

These initial observations motivate further explo-
ration into leveraging English synthetic translations
to incorporate more knowledge-rich multilingual
data. First, we introduce SynTrans, which translates
a high-quality English corpus (e.g., Cosmopedia)
into the target language. Our exploration seeks to
answer the following question: 1. Is it effective
to directly use synthetic translation data for pre-
training? To investigate this, we conduct a compre-
hensive analysis comparing synthetic and real data
across six languages, ranging from high-resource
to low-resource categories. We train models from
scratch and evaluate them on a range of down-
stream tasks, from semantic fluency to knowledge
assessment. We find that while synthetic data suc-
cessfully injects world knowledge, directly training
on it degrades native semantic fluency.

Next, we pose another question: 2. How can
we effectively utilize synthetic data without directly
pretraining models on it? To explore this, we first
analyze the performance gains achieved by human
expert cleaning across multiple benchmarks. Our
findings reveal a strong correlation between hu-
man cleaning and improvements in challenging
world-knowledge tasks. Motivated by this, we in-
troduce SynRank, which uses a FastText (Joulin
et al., 2017) classifier trained with synthetic data
as positive samples and noisy real data as nega-
tive samples. This classifier scores and filters the
noisy real data, serving as a filter to retain only
high-quality documents. This solves a critical zero-
resource problem: extracting high-quality native
text without human-annotated positive sets. Syn-
Rank consistently outperforms noisy data. More-
over, unlike rule-based filtering, which produces a
corpus of fixed size, SynRank allows for threshold
adjustments to accommodate different token bud-
gets, giving it the potential to surpass human expert
rule-based filtering.

However, the aforementioned studies assess data
quality by pretraining models and evaluating them
on downstream tasks—an approach requiring ex-
tensive computational resources. To predict data
quality without the need for full model training, we
introduce a training-free metric, DA-QwenScore.
This measures the loss of a given corpus using a

reference model (Qwen-0.5B (Bai et al., 2023)),
normalized by corpus diversity (unigram count),
allowing for efficient and systematic quality esti-
mation.

In summary, our core contributions are:

• Knowledge vs. Fluency Analysis: We
demonstrate empirically that the primary
deficit in low-resource pretraining data is com-
plex world knowledge, rather than basic se-
mantic fluency.

• Low-Resource Data Filtering (SynRank):
We propose a reliable pipeline to bootstrap
quality filters for noisy web corpora using
synthetic translations, bypassing the need for
human-annotated positive sets.

• Training-Free Quality Estimation (DA-
QwenScore): We introduce a robust,
diversity-adjusted perplexity metric that pre-
dicts dataset pretraining value without the
computational overhead of training models.

2 Experiment Setup

Language Selection We evaluate our method in
a multilingual setting, beginning with language se-
lection. We choose Vietnamese (Vi), Thai (Th),
Bahasa Indonesia (Id), Swahili (Sw), Turkish (Tr),
and Chinese (Zh), as they represent a range of re-
source availability—from high-resource languages
like Id and Tr to mid-resource languages like Vi
and Zh, and lower-resource languages like Th and
Sw2 Additionally, these languages belong to dis-
tinct language families, allowing us to assess data
quality across diverse linguistic contexts. Notably,
low-resource languages pose significant challenges
in obtaining sufficient web-based pretraining data,
making them particularly relevant for evaluation.
Data Preparation Next, we prepared three types
of data for our analysis and experiments. For syn-
thetic data, we used NLLB 3.3B (Team et al., 2022)
to translate the Cosmopedia (Ben Allal et al., 2024)
dataset into all target languages. We selected Cos-
mopedia due to its rich knowledge content. For
real multilingual data, we incorporated two human-
collected datasets for comparison: MADLAD-400-
Noisy and MADLAD-400-Clean (Kudugunta et al.,
2024) (we abbreviate as MADLAD-Noisy and
MADLAD-Clean in our paper). Madlad-Noisy

2We do not choose extremely low-resource languages be-
cause pretraining needs sufficient tokens. One such example,
Wolof, can be found in Appendix C.
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Language Id Vi Th Tr Zh Sw

Resource Availability high middle low high middle low

# Madlad-Noisy docs (M) 120.9 92.8 19.0 107.0 29.3 1.3

# Madlad-Clean docs (M) 38.0 55.0 17.4 56.4 19.9 0.5

Clean / Noisy rate 30% 60% 90% 50% 70% 40%

# Cosmopedia Translation Docs (M) 30.0 30.0 30.0 30.0 30.0 30.0

Table 1: Amount of data for clean and noisy sets in MADLAD-
400 corpus, and amount of Cosmopedia corpus (all the amount
is number of passages with the unit in millions, abbreviated as
‘M’). Clean/noisy rates are rounded to the nearest 10.

consists of raw data gathered from local websites,
while Madlad-Clean is a refined subset of this data,
filtered and audited using handcrafted rules devel-
oped by human experts (the authors) to ensure high-
quality content. The data volume and filtering rate
vary across languages, as shown in Table 1.
Model and Evaluation To compare corpus qual-
ity, we pretrain 1.1B TinyLLaMA (Zhang et al.,
2024) parameter models from scratch using 20B
unique tokens for all languages, except for Swahili
(Sw), where the available corpus was limited
to 10B unique tokens. Our evaluation frame-
work consists of four multilingual benchmarks:
XCOPA (Ponti et al., 2020), XARC-Easy (Clark
et al., 2018), XARC-Challenge (Clark et al., 2018)
(abbreviated as XARC-E and XARC-C), and XHel-
laswag (Zellers et al., 2019), covering all target lan-
guages. We adopt XARC-C, XARC-E, and XHel-
laswag from Dac Lai et al. (2023); however, not all
our chosen languages are included in Dac Lai et al.
(2023). For those missing (Th, Sw, Tr, Zh), we
follow the authors to leverage ChatGPT to generate
translations. We will open-source these translated
benchmarks to support further research. These
four datasets cover a diverse range of tasks: from
basic world-knowledge reasoning (XARC-E) to
more complex reasoning (XARC-C), as well as
natural language inference (XCOPA) and an inter-
disciplinary task combining NLI and easy world-
knowledge reasoning (XHellaswag). Examples of
the corresponding English datasets are provided
in Table 6. Using the same benchmark across lan-
guages allows direct comparison. We utilize all
evaluations in zero-shot setting.

3 Challenges in Limited Resources

Finding: Models pretrained on low-
resource language corpora lack general
knowledge, rather than semantic fluency.

First, we begin with the question: What is the pri-
mary challenge faced by low-resource languages in
pretraining? Specifically, does the challenge stem
from poor performance on certain types of down-
stream tasks? To investigate this, we evaluate the
quality of real web data across different languages.
We utilize MADLAD-noisy to pretrain TinyLlama
models from scratch, as it best represents the raw,
real-world distribution of each language. Crucially,
all models are trained on the exact same token bud-
get (20 billion tokens) to isolate the effect of data
quality from data quantity.

We first define language availability based on
the total volume of the noisy MADLAD corpus
for each language. A language is considered more
available if its total noisy corpus is larger; other-
wise, it is deemed less available. We then investi-
gate which benchmarks are most affected by these
differences in availability.

As shown in Figure 2, performance on XARC-E
and XHellaswag exhibits a nearly linear relation-
ship with language availability, with correlation
coefficients of 0.85 and 0.92, respectively. Notably,
this strong relationship holds despite all models
sharing the same compute budget. This suggests
that XARC-E and XHellaswag, which involve rela-
tively simple world-knowledge, show clear perfor-
mance gains strictly when the underlying language
has broader real-world resource availability.

In contrast, this correlation does not hold for
XARC-C and XCOPA. For XARC-C, the lack of
correlation is likely due to the highly complex
world-knowledge reasoning required, which may
not be present even in larger noisy corpora. For
XCOPA, which serves as our proxy for native se-
mantic fluency, the flat scaling suggests that basic
linguistic fluency does not automatically improve
just by having a larger overall noisy corpus. While
these initial trends establish a baseline regarding
the knowledge deficit in low-resource languages,
we will rigorously isolate and contrast how syn-
thetic data impacts semantic fluency versus com-
plex world knowledge in Sections 4 and 5.

Overall, these results highlight a strong link be-
tween the richness of easy world knowledge in a
corpus and the availability of language resources in
real-world settings: languages with broader usage
tend to have more comprehensive and informative
corpora. Consequently, low-resource languages of-
ten lack sufficient easy world knowledge, reinforc-
ing the need to deliberately enhance the knowledge
content of pretraining corpora for these languages.
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Figure 2: We examine the correlation between performance and the amount of noisy data, which serves as a proxy for data
availability in real-world scenarios, across four benchmarks. The results show a strong correlation between data availability
and benchmark performance on XHellaswag and XARC-E (correlation greater than 0.5), while the correlation for XCOPA and
XARC-C is comparatively weaker (less than 0.5). The x-axis is log-scaled (e.g., 4 represents 24 million documents, etc.).

NLI Knowledge Interdispline

Data Type COPA XNLI ARC-E ARC-C HellaSwag

Acc Acc Acc Acc Acc

Noisy 67.7 42.9 44.4 24.5 38.7
Clean 66.7 46.7 47.8 25.4 42.1

Cosmopedia 62.0 41.9 49.8 28.6 39.4

Table 2: Results for English data across different benchmarks,
including all metrics for each benchmark. Results are shown
in 10−2. We can observe that Cosmopedia is rich in world
knowledge.

4 Is Synthetic Translation Data Enough
for Pretraining?

Finding: Pretraining with translated syn-
thetic data enhances world knowledge but
does not necessarily improve fluency.

Based on the previous finding, we know that low-
resource languages struggle with world knowledge
tasks, prompting a natural question: can we find a
suitable English corpus for translation to specif-
ically address the shortcomings of low-resource
languages? In this section, we propose using trans-
lated English synthetic data for pretraining as a
potential solution.

4.1 Identifying a Knowledge-Intensive
English Corpus

To address the knowledge gap, we seek to iden-
tify an English corpus that provides strong world
knowledge for translation. We evaluate three En-
glish corpora: MADLAD-noisy, MADLAD-clean,
and Cosmopedia (Ben Allal et al., 2024) by training
a 1B model on 20B tokens sampled from each cor-
pus. The model’s performance is assessed on sev-
eral English benchmarks: COPA and XNLI for nat-
ural language inference (NLI), ARC-C and ARC-E

for world-knowledge reasoning, and Hellaswag,
which we consider an interdisciplinary benchmark
combining NLI and world knowledge due to its
similarity to story completion tasks requiring con-
textual and factual understanding. Table 6 provides
examples from these four benchmarks.

Table 2 presents the performance comparison
between synthetic and real data across various
tasks. In ARC-Challenge, synthetic data outper-
forms MADLAD-400-clean by 3.2 absolute points
and MADLAD-400-noisy by 4.1 points. Similarly,
in ARC-Easy, synthetic data surpasses clean data
by 2.0 points and noisy data by 5.4 points. For
Hellaswag, synthetic data outperforms noisy data
by 0.7 points but remains below clean data. How-
ever, for NLI tasks (COPA and XNLI), synthetic
data underperforms compared to both noisy and
clean real data. These results suggest that while
synthetic data lacks fluency and depth in semantic
understanding, it effectively captures a broad range
of world knowledge.

4.2 SynTrans: Synthetic Translation as
Pretraining Data

We propose SynTrans, an intuitive approach to aug-
menting data in low-resource languages. SynTrans
involves translating a high-resource language cor-
pus (e.g., English) into the target low-resource lan-
guage, enabling direct use of the translated corpus
for pretraining. To evaluate this approach, we use
NLLB to translate the English Cosmopedia dataset
into multiple languages. The results in Table 3,
show that the performance of translated synthetic
data follows a similar pattern to that of the original
synthetic English data.

For the natural language inference (NLI) task
XCOPA (Ponti et al., 2020), translated data per-
forms worse than noisy real data in all languages
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except Chinese. Closer examination reveals that
this anomaly is due to the extremely low quality of
the MADLAD Chinese corpus, which results in sig-
nificantly lower XCOPA scores for real data. This
suggests that while translated data can be beneficial,
it faces limitations in capturing natural language in-
ference ability and semantic fluency. Furthermore,
across all languages, translated data achieves a con-
sistent XCOPA score of around 55, indicating that
variations in translation quality have little impact
on the model’s NLI capabilities.

In contrast, for world-knowledge reasoning tasks
(XARC-C and XARC-E), direct translation per-
forms well. In XARC-C, 5 out of 6 languages
achieve the highest scores, while in XARC-E, 3 out
of 6 languages achieve the highest scores. As for
the average score across six languages, SynTrans
achieves the highest score for both XARC tasks. It
demonstrates that despite its limitations in seman-
tic tasks, direct translation effectively preserves a
significant amount of world knowledge, making it
valuable for commonsense reasoning tasks.

5 SynRank: Pretraining Data Cleaning
with Quality Ranker

Findings:
1. Human expert cleaning of pretraining
data preserves more world knowledge.
2. Training a text classifier on synthetic data
to rank and clean real data automatically im-
proves world knowledge without sacrificing
fluency.

While SynTrans provides a straightforward
method to enhance world knowledge in low-
resource languages through synthetic translation, it
has inherent limitations. Machine translation qual-
ity varies across languages, and translated data of-
ten lacks local knowledge while struggling with se-
mantic fluency in natural language inference tasks.
This motivates the need for an approach that pre-
serves the natural properties of real data while en-
riching world knowledge.

A key challenge in low-resource languages, as
shown in Table 1, is data quality—many languages
have a poor clean-to-noisy ratio, highlighting the
prevalence of low-quality real data. This raises an
important question: How do human experts im-
prove data quality, and can we replicate this pro-
cess automatically? To investigate this, we first
analyze expert rule-based cleaning, discovering

that human filtering primarily enhances challeng-
ing world knowledge (e.g., science and technology)
rather than simply improving fluency or easy world-
knowledge reasoning. Building on this insight, we
propose SynRank, a classifier-based method de-
signed to automatically filter and rank real data,
retaining high-quality documents without requiring
manual annotation.

5.1 Effects of Expert-Rule Cleaning

As expert filtering plays a crucial role in improv-
ing data quality, we ask: What specific aspects of
the data do human experts prioritize during clean-
ing? Can we quantify their impact on model perfor-
mance? To investigate this, we compare the perfor-
mance improvement from noisy to clean datasets
across all languages on XARC-E, XARC-C, XHel-
laswag, and XCOPA. The results, presented in
Figure 3 and detailed in Table 3, reveal that ex-
pert cleaning consistently improves performance
on XARC-C across all languages. However, for
XARC-E and XCOPA, the improvement is incon-
sistent. This suggests that human experts do not pri-
marily filter data based on fluency or simple world
knowledge. Instead, they focus on preserving more
complex world knowledge, such as scientific and
technological content.

5.2 SynRank: Classifier-based Filtering

Inspired by the application of text classifiers for
data quality filtering, we apply a classifier on mul-
tilingual datasets with the goal of automatically
selecting knowledge-rich and high-quality docu-
ments from a noisy collection. Given a noisy cor-
pus Dnoisy and a high-quality corpus Dhigh, we
train a text classifier f(t) that learns to decide
whether a piece of text t belongs to Dnoisy or
Dhigh. The classifier f assigns a score to any text
t: f(t) = P (t ∈ Dhigh).

A naive approach for obtaining Dhigh would
be to manually select documents from Dnoisy or
use widely recognized high-quality corpora, as is
common in high-resource languages (e.g., select-
ing high-quality English corpora (Li et al., 2024)).
However, this approach is largely infeasible for
low-resource languages due to the lack of human
expert availability for annotation and the absence
of labeled high-quality corpora. To overcome these
challenges, we automate the process by translating
a high-quality English corpus into a low-resource
language, which then serves as Dhigh.
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Human expert-rule cleaning correlates with knowledge tasks, 
particularly difficult world knowledge

Human expert-rule cleaning  
is unrelated to NLI task

Figure 3: The correlation between performance improvements of models trained on noisy versus clean corpora in Madlad-400
across all languages is examined on four benchmarks. We observe a consistent performance gain in XARC-C for all languages.
For XARC-E and XHellaswag, most languages show performance improvements. However, for XCOPA, half of the languages
demonstrate an increase, while the other half do not. These findings suggest that human-expert rule cleaning is particularly
beneficial for knowledge acquisition tasks, especially for challenging knowledge, but is unrelated to NLI tasks.

Benchmark Method Language

Thai Vietnamese Indonesian Turkish Chinese Swahili Average

XCOPA

Madlad-Noisy 57.20 65.80 59.60 56.40 52.20 57.60 58.13
Madlad-Clean 56.00 ↓1.20 65.20 ↓0.60 62.20 ↑2.60 59.20 ↑2.80 52.60 ↑0.40 54.80 ↓2.80 59.67 ↑1.54

SynRank 56.40 ↓0.80 63.40 ↓2.40 62.40 ↑2.80 59.00 ↑2.60 50.20 ↓2.00 57.00 ↓0.60 58.07 ↓0.06

SynTrans 54.00 ↓3.20 58.00 ↓7.80 56.40 ↓3.20 54.20 ↓2.20 55.60 ↑3.40 57.40 ↓0.20 55.93 ↓2.20

XHellaswag

Madlad-Noisy 31.72 33.82 33.74 35.06 29.97 27.91 32.04
Madlad-Clean 31.45 ↓0.27 34.85 ↑1.03 36.25 ↑2.51 35.18 ↑0.12 30.57 ↑0.60 28.27 ↑0.36 32.76 ↑0.72

SynRank 31.36 ↓0.36 34.35 ↑0.53 34.16 ↑0.42 34.83 ↑0.77 29.79 ↑0.17 28.21 ↑0.30 32.12 ↑0.08

SynTrans 29.99 ↓1.73 33.74 ↓0.08 35.07 ↑1.33 35.14 ↑0.08 31.45 ↑1.48 29.42 ↑1.51 32.47 ↑0.43

XARC-E

Madlad-Noisy 32.76 35.02 39.57 35.12 35.31 30.92 34.78
Madlad-Clean 32.70 ↓0.06 34.18 ↓0.84 41.86 ↑2.29 35.91 ↑0.79 36.52 ↑1.21 30.76 ↓0.16 35.32 ↑0.54

SynRank 33.54 ↑0.78 35.52 ↑0.50 40.79 ↑1.22 36.14 ↑1.02 35.71 ↑0.40 30.18 ↓0.74 35.31 ↑0.53

SynTrans 32.52 ↓0.24 35.73 ↑0.71 39.79 ↑0.22 37.26 ↑2.14 39.53 ↑4.22 31.03 ↑0.11 35.98 ↑1.20

XARC-C

Madlad-Noisy 23.43 22.82 24.53 24.66 22.99 24.46 23.82
Madlad-Clean 24.04 ↑0.61 23.25 ↑0.43 25.98 ↑1.45 24.74 ↑0.08 24.53 ↑1.54 24.72 ↑0.26 24.54 ↑0.72

SynRank 23.51 ↑0.08 22.91 ↑0.09 26.67 ↑2.14 25.17 ↑0.51 23.42 ↑0.43 25.67 ↑1.21 24.56 ↑0.74

SynTrans 24.30 ↑0.87 26.67 ↑3.85 27.26 ↑2.73 25.17 ↑0.51 27.26 ↑4.27 25.41 ↑0.95 26.01 ↑2.19

Table 3: Results for models trained on various corpora, including noisy and clean sets from Madlad, our SynTrans corpus, and
our SynRank corpus, evaluated across four benchmarks in Thai, Vietnamese, Indonesian, Turkish, Chinese, and Swahili. The
results also include overall scores, which are the averages of the four benchmarks. For fair comparison for SynRank and human
experts cleaning, we control the same clean/noisy rate for all the languages.

In our experiments, we demonstrate that trans-
lating a knowledge-intensive corpus, such as Cos-
mopedia, effectively creates Dhigh for selecting
high-quality documents in low-resource languages.
This approach aligns with the idea of leveraging
synthetic data as a taxonomy of world knowledge.
The overall process is illustrated in Figure 1.

Implementation and Efficiency To construct the
training set for the classifier, we randomly sample
10,000 documents from the translated Cosmopedia
as positive examples and 10,000 documents from

the noisy web corpus as negative examples. For
each document, we truncate the text to the first
512 tokens, as the beginning of a document typ-
ically contains sufficient salient information for
quality assessment. Following Occam’s razor, we
employ a FastText classifier (Joulin et al., 2017)
rather than more computationally expensive mul-
tilingual Transformer encoders. We initialize the
model using the input embeddings of Qwen2.5-
0.5B as pretrained vectors. The model is trained for
5 epochs with a learning rate of 0.1, an embedding
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Language Precision Recall F1

Indonesian (id) 99.50 99.80 99.65
Swahili (sw) 98.75 99.82 99.28
Turkish (tr) 98.98 99.75 99.36
Vietnamese (vi) 99.52 99.74 99.63

Table 4: Intrinsic evaluation of the FastText quality ranker on
a held-out test set comprising 10,000 synthetic Cosmopedia
documents (positive) and 10,000 noisy MADLAD documents
(negative).

dimension of 896, up to 3-grams (wordNgrams=3),
and a minimum word frequency count of 3.

This design choice prioritizes high scalability.
Running inference with our FastText classifier
achieves a throughput of approximately 980 docu-
ments per second on a standard CPU. This makes
the pipeline highly parallelizable and practical for
scoring massive web-scale corpora, whereas run-
ning heavy multilingual encoders would require
extensive GPU resources with limited room for
inference optimization.
Intrinsic Evaluation To ensure the reliability of
the quality ranker, we intrinsically evaluate its clas-
sification performance on a completely held-out
test set consisting of 10,000 positive and 10,000
negative documents. As shown in Table 4, the clas-
sifier achieves near-perfect F1 scores across the
tested languages. This exceptionally high accuracy
indicates that the synthetic translated Cosmopedia
possesses a distinctly different, cleaner distribution
compared to the noisy web documents, allowing
a lightweight classifier to easily distinguish high-
quality, knowledge-dense text from web noise.
Data Filtering To train the SynRank classifier,
we sample 10,000 positive documents from the
translated Cosmopedia corpus and 10,000 negative
documents from the noisy CommonCrawl web cor-
pus for each language. To avoid overfitting to the
specific stylistic patterns of the synthetic Cosmo-
pedia data and obtain a smoother distribution, we
adopt an iterative training approach. After train-
ing the initial classifier, we apply it to score the
CommonCrawl corpus. We then select the highest-
scoring real documents and add them to the pos-
itive training set for a second round of training.
This refined positive set—now containing both syn-
thetic knowledge-rich data and high-quality native
text—helps the classifier better maintain native se-
mantic fluency.

Finally, we apply this first-iteration trained clas-
sifier to rank and filter the entirety of the original
noisy corpus, retaining only the top-scored docu-
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Figure 4: Performance comparison of different thresholds of
filtering with SynRank on Vietnamese. The evaluations are
done in zero-shot. We exclude XCOPA as even expert-rule
cleaning decreases performance.

ments. To ensure a fair comparison in our down-
stream pretraining experiments, we apply the exact
same filtering rate as the clean-to-noisy ratio of the
original MADLAD corpus, maintaining an equiva-
lent data budget across datasets.

As shown in Table 3, applying SynRank filtering
successfully extracts high-quality content, leading
to performance gains over noisy corpora. The Syn-
Rank corpus outperforms the noisy dataset in 5 out
of 6 languages on easy world knowledge acquir-
ing tasks XHellaswag and XARC-E. For the more
complex world knowledge task, XARC-C, all lan-
guages benefit from filtering. In the NLI task of
XCOPA, the average XCOPA score only drops by
0.06 absolute points. Given that XCOPA contains
only 500 samples and exhibits substantial variabil-
ity in performance, we can conclude that SynRank
does not significantly harm XCOPA performance
compared to the noisy corpus.

To conclude, the SynRank corpus improves per-
formance on world knowledge tasks without com-
promising fluency, demonstrating the effectiveness
of classification-based filtering. When considering
average performance across all benchmarks, the
advantages of the filtered data become clear. No-
tably, when filtering the same proportion of data,
this method achieves results comparable to human-
expert-filtered corpora, highlighting its potential
as an efficient, scalable alternative for improving
low-resource language data quality.
Scaling via Filtering Rate To evaluate the im-
pact of the filtering threshold, we vary the data
selection threshold and observe its effect on model
performance. Figure 4 presents the results for
Vietnamese, where we observe a clear trend: as
the selection threshold increases, the quality of
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Figure 5: QwenScore, Unigram, and DA-QwenScore for all languages from left to right. For DA-QwenScore, a clear pattern
emerges: clean data performs better than SynRank data, which in turn outperforms noisy data, consistent with the overall
downstream performance.

the filtered corpus improves, leading to steady
performance gains on XARC and XHellaswag.
This finding suggests that our method provides a
practical mechanism for balancing cost and per-
formance. When data is abundant and computa-
tional resources are sufficient, selecting only the
top-ranked documents ensures a cleaner, higher-
quality corpus. Conversely, when resources are
constrained, a moderate threshold can be used to
maintain reasonable data quality while reducing
filtering intensity.

6 Measuring Data Quality Heuristically

Our earlier experiments demonstrate that both Syn-
Rank filtering and manual cleaning significantly
alter the quality of pretraining data, leading to vary-
ing model performance. However, downstream
evaluation requires substantial computational re-
sources, as each model must be fully pretrained
before testing. This raises an important question:
Can we estimate pretraining data quality and pre-
dict model performance before training begins?

To effectively evaluate data quality before train-
ing, we first use a straightforward heuristic: as-
sessing the corpus using a well-trained reference
model, Qwen-0.5B (Bai et al., 2023). We calcu-
late the average loss on the given corpus and de-
fine it as QwenScore. Denoting a data sample
as x(i) = {w(i)

1 , w
(i)
2 , . . . , w

(i)
Ti
}, where w

(i)
t repre-

sents tokens in a document and Ti represents the
sequence length of the i-th sample from a corpus
D, the average loss is calculated as:

L = − 1

N

N∑

i=1

1

Ti

Ti∑

t=1

logP (w
(i)
t |w(i)

1 , . . . , w
(i)
t−1)

(1)
The underlying assumption is that when evaluat-

ing a corpus using a high-quality model, a higher

loss reflects that the data contains more complex,
knowledge-dense structures that are challenging
to learn. However, computing the raw loss across
MADLAD-noisy, MADLAD-clean, and SynRank
datasets yields inconsistent rankings (Figure 5, left).
This occurs because raw loss is highly sensitive to
out-of-distribution noise; unstructured web junk
(e.g., typos, random URLs, scraped boilerplate) ar-
tificially inflates the vocabulary size and produces
high loss values that do not correlate with actual
linguistic quality.

Diversity-Adjusted QwenScore (DA-Qwen-
Score). To isolate true textual complexity and
penalize noisy datasets driven by unstructured
web junk, we propose normalizing the loss
against corpus diversity. The DA-QwenScore
is defined as LN = L/Nuni, where Nuni is
the number of unique unigrams in the corpus.
By dividing the loss by the unigram count, we
heavily penalize noisy corpora whose high loss is
merely a byproduct of inflated vocabularies. As
shown in Figure 5, the DA-QwenScore ranking is
largely consistent across all six languages (Clean
> SynRank > Noisy), aligning exactly with the
downstream performance of our trained models on
knowledge-intensive benchmarks (Table 3).

Metric Robustness and Generalization. To en-
sure that DA-QwenScore is not overfitted to our
specific evaluator model or diversity measure, we
conducted ablations using an alternative model
(Llama-3.2-1B) and an alternative diversity met-
ric (unique bigrams). As shown in Figure 6, the
clear and consistent quality ranking holds regard-
less of the reference model or n-gram order used.
This confirms that the diversity-adjusted metric is
a robust, training-free proxy for evaluating dataset
quality.
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Figure 6: Robustness ablations for the DA-Score metric. The
consistent ranking (Clean > SynRank > Noisy) holds when
using a different evaluator model (Llama-3.2-1B, scaled by
10−5, using unigrams) or a different diversity measure (Qwen-
0.5B, using bigrams, scaled by 10−6).

7 Related Work

Synthetic Data for Improving Multilingual
LLMs. Synthetic data has been an effective ap-
proach to overcoming data scarcity. Existing efforts
include including synthetic data during the super-
vised fine-tuning stage (Taori et al., 2023; Wang
et al., 2023), as well as during the pretraining stage
for better knowledge acquisition (Ben Allal et al.,
2024; Liu et al., 2024). Another line of work fo-
cuses on scaling up multilingual training with data
synthesis. As translators like NLLB (Team et al.,
2022), Google Translator (Johnson et al., 2017)
exhibits superior performance in multilingual trans-
lation compared to LLM, we could use the trans-
lators to create parallel translation data. This ap-
proach has been widely used to scale multilingual
LLM to hundreds of languages (Alves et al., 2024;
Lu et al., 2024) and boosts performances on low-
resource languages (Üstün et al., 2024; Liu et al.,
2024). Other work directly uses self-instruct to
curate synthetic data (Wei et al., 2023; Guo et al.,
2024). However, most of study in this domain fo-
cus on only translation ability (Wang et al., 2025),
which is straightforward using parallel data. Our
study, instead, also explores the effects of more
challenging knowledge and reasoning tasks, which
highlight the pros and cons of synthetic pretraining
data across languages.
Pretraining Data Selection. The selection of
pretraining data remains a critical challenge at
scale. While simple heuristics like deduplication
(Lee et al., 2022; Tirumala et al., 2023) and rule-
based filtering (Longpre et al., 2024) are effective
for basic cleaning, more nuanced selection often
relies on classifier-based approaches (Brown et al.,
2020; Xie et al., 2023; Li et al., 2024; Weber et al.,
2024). These methods train a text classifier us-
ing high-quality documents as positive examples
to rank and filter the broader corpus. However,

these prior works depend heavily on the availabil-
ity of human-curated positive English documents,
making them difficult to apply to low-resource
languages. Our work extends the classifier-based
approach to this data-scarce regime in multilin-
gual setups. By leveraging synthetic translated
data as a proxy positive signal, we introduce a re-
liable pipeline to bootstrap quality filters for zero-
resource languages where human-annotated posi-
tive sets simply do not exist.

8 Conclusion

We investigate the role of synthetic data in pretrain-
ing language models for low-resource languages.
Our findings indicate that the primary challenge
these languages face is a lack of world knowl-
edge. To address this issue, we propose two meth-
ods: SynTrans (direct translation) and SynRank
(classifier-filtered noisy-to-clean data refinement)
for pretraining. Notably, our results show that Syn-
Rank enhances world knowledge without compro-
mising fluency. We hope this research inspires
future work on improving data quality and avail-
ability for low-resource languages. In particular,
further investigation is needed to assess the effects
of integrating synthetic and real data, as well as
leveraging multiple languages.

Limitations

While our study provides a robust pipeline for
low-resource languages, several limitations remain.
First, due to computational constraints, we evalu-
ate 1B-parameter models using a 20B token budget
and single-source, monolingual pretraining. Fu-
ture work must investigate how SynRank scales to
larger architectures, substantially larger pretraining
budgets, and mixed multilingual corpora evaluated
on advanced reasoning tasks.

Second, our methodology contains an inherent
English-centric bias. Translating English corpora
injects factual knowledge but risks transferring
Western cultural norms, highlighting the need to
balance synthetic data with culturally representa-
tive native text. This bias extends to our evalua-
tion framework; translated benchmarks (like XHel-
laswag and XARC) often miss language-specific
nuances. Consequently, there is a pressing need
for the community to develop native, non-English-
derived benchmarks to accurately evaluate lower-
resourced languages.
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Ethical Considerations

Our work uses open-source corpora to pretrain lan-
guage models and also uses an LLM for automatic
translation. While there might be bias in these cor-
pora and LLM-generated data, we do not think it
poses significant ethical concerns or any potential
risks beyond research purposes.
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A Pretraining Details

We adopt the open-source TinyLlama codebase to
train the 1B LLMs. For All six languages except
Swahili (we use 10B tokens to train Swahili models
cause the MADLAD-clean and MADLAD-noisy
only contain 10B unique tokens), we sample 20B
unique tokens from the corpus. Following the orig-
inal training recipe, we use a cosine learning rate
schedule, with a max learning rate of 4e-4, and a
minimum learning rate of 4e-5, and warmup the
model for 2000 steps. We use a global batch size of
512, with a sequence length of 2048. The optimizer
is AdamW, and we enable gradient clipping of 1.
The model architecture exactly follows the original
TinyLlama model3 with around 1.1B parameters.

B Classifier Training Details

For the classifier used in SynRank, we use 10,000
positive and 10,000 negative documents as the in-
put to fasttext. The positive documents are ran-
domly sampled from the translated Cosmopedia
corpus, and the negative documents are sampled
from the CommonCrawl corpus in each language.

3https://huggingface.co/TinyLlama/TinyLlama-1.1B-
step-50K-105b

To avoid overfitting the Cosmopedia corpus, we
adopt an iterative approach: after training a clas-
sifier for the first round, we add the top-scored
documents from CommonCrawl into the positive
document set. Therefore, in the second round, the
positive set includes both translated Cosmopedia,
as well as high-quality CommonCrawl documents.
We verify that this iterative approach achieves bet-
ter performance in maintaining semantic fluency.
We use the classifier after the first iteration in all
experiments to score and filter a corpus.

C Additional Experiments

To further evaluate the limitations and capabilities
of our approach in data-constrained environments,
we extend our experiments to include Wolof. We
classify Wolof as an “extremely low-resource” lan-
guage regarding available web corpora for pretrain-
ing; specifically, the Madlad noisy dataset contains
only approximately 93 million unique tokens for
this language.

We conducted pretraining of 1B-scale language
models from scratch using this limited data. We
evaluated performance using the AfriXNLI and
AfriMMLU benchmarks. The results are presented
in Table 5. Under such severe token constraints
(training on roughly 100M to 500M tokens), the
models largely achieve random baseline perfor-
mance. For example, the 33.3% score on AfriXNLI
corresponds to random guessing for a 3-class clas-
sification task. However, we observe that the Syn-
Trans method remains comparable to, or slightly
better than, the noisy baseline on the AfriMMLU
benchmark, suggesting potential resilience even in
extremely low-data regimes.

D Comparing English Corpora

We extend our study of the relationship between
DA-QwenScore and data quality to common En-
glish corpora. We follow the experiment setting
in Penedo et al. (2024) and compare seven corpus:
C4, dolma, redpajama, pile, Refinedweb, Fineweb,
SlimPajama (Raffel et al., 2020; Soldaini et al.,
2024; Weber et al., 2024; Gao et al., 2020; Penedo
et al., 2024; Soboleva et al., 2023). Penedo et al.
(2024) show that these seven types of corpus have a
distinguishable performance on downstream tasks.
We show the QwenScore and NA-QwenScore’s
ranking in Figure 7.

21954

https://arxiv.org/abs/2307.06018
https://arxiv.org/abs/2307.06018
https://arxiv.org/abs/2402.07827
https://arxiv.org/abs/2402.07827


Table 5: Performance comparison on Wolof benchmarks. We report accuracy scores on AfriXNLI and AfriMMLU. Note that a
score of 33.3 on AfriXNLI represents random baseline performance.

Model Tokens AfriXNLI AfriMMLU AfriMMLU
(Native Direct) (Direct) (Translate)

Madlad-noisy 100M 33.3 20.8 20.8
Madlad-noisy 500M 33.3 22.6 19.8

SynTrans 500M 33.3 22.6 21.6

Figure 7: QwenScore and DA-QwenScore on seven english
corpus.

E Evaluation Examples

We show sample instances of our evaluation bench-
marks in Table 6.

F Licenses of Artifacts

The MADLAD-400 corpus is released with the
CC-BY-4.0 license. The TinyLlama library uses
Apache-2.0 license. We follow the guidance to use
the artifacts for research purpose only.

G Use of LLMs

LLMs, including ChatGPT and Gemini, are used
for polishing the text and fixing grammar errors.
They were not used for ideation or implementation.
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Benchmark Type Question Choice 1 Choice 2 Choice 3 Choice 4

ARC-E Easy Knowl-
edge

Which of the following is an
example of an assistive device?

contact lens motorcycle raincoat coffee pot

ARC-C Challenging
Knowledge

George wants to warm his
hands quickly by rubbing them.
Which skin surface will pro-
duce the most heat?

dry palms wet palms palms cov-
ered with oil

palms cov-
ered with
lotion

Hellaswag Semantic/
Easy Knowl-
edge

A female chef in white uniform
shows a stack of baking pans in
a large kitchen presenting them.
the pans

contain egg yolks
and baking soda.

are then sprinkled
with brown sugar.

are placed in a
strainer on the
counter.

are filled with
pastries and
loaded into
the oven.

COPA Semantic My body cast a shadow over
the grass.

The grass was cut. The sun was rising. - -

Table 6: Examples of the four benchmarks we use in our evaluation. For better understanding, we use the English examples. In
evaluation, the benchmarks are translated into the target language.
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